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ABSTRACT
The selection of the process parameters in L-PBF processes is crucial because the
mechanical properties of the printed part depend on them. However, the procedure
for selecting these parameters can be expensive from an experimental point of view.
Therefore, it is necessary to identify simplified models that allow fast and reliable
optimization. Furthermore, the choice of parameters cannot be based exclusively on
qualitative aspects but must also consider the productivity of the process to obtain
a satisfactory compromise. This paper proposes a procedure for selecting parameters
based on a semi-analytical thermal model, which, together with a geometric-based
defect model allows identifying an optimality region where good solidification and
productivity are considered. The optimization is carried using a properly defined
utility function. The procedure is validated through the production of AISI 316L
specimens using an industrial L-PBF system.
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1. Introduction

Metal additive manufacturing (AM) technologies are emerging to produce complex
parts for aerospace, tools, and biomedical sectors. Among metal additive manufactur-
ing technologies, Laser Powder Bed Fusion (L-PBF) is one of the most promising in
terms of customization, part mechanical properties, and design freedom. The interest
in the performances of metal AM parts is due to the high-impact applications where
these technologies are used, such as maritime (Li et al. 2021), aerospace (Pradeep et al.
2021), and electronics (Mezghani et al. 2021). Further research is needed to improve
the final part quality and reliability to allow a wider implementation of L-PBF tech-
nologies in these critical sectors. One of the limits of L-PBF is the development of the
optimal set of process parameters to obtain a good solidification and therefore high
mechanical properties. Studies have shown that the number of process parameters to
be selected is large (Spears and Gold 2016; O’Regan et al. 2016); however, the vast
literature has shown that only a subset of these parameters is responsible for a good
solidification process (Pragana et al. 2020; Kurzynowski et al. 2018; Rao et al. 2016;
Dilip et al. 2017). In detail, energy density Ed (J/mm3) is an established index to
predict the density of L-PBF parts (Wang et al. 2016; Prashanth et al. 2017; Karimi
et al. 2018; Liu et al. 2020). Energy density is defined as:



Figure 1. Relationship between energy density and part density

Ed =
P

v ·H · L
(1)

where P is the laser Power (W), v is the laser speed (m/s), H is the hatch distance
(µm) and L is the layer thickness (µm). The relationship between energy density and
part density is shown in Figure 1. This trend has been identified for different materials,
for example AISI 316L (Lavery et al. 2017), AlSi10Mg (Hyer et al. 2020), Ti6Al4V
(Han et al. 2017), and copper (Jadhav et al. 2021). In general, low energy density
values result in a lack of fusion porosity, i.e. the energy is insufficient to melt the
powder layer properly. Extremely high energy density values produce keyhole porosity
induced by the highly irregular molten metal flow (King et al. 2014). Balling is a well-
known defect occurring at low energy density when high scan speed and high power are
used (Scime and Beuth 2019). Based on the literature review, only a few documents
find a clear correlation between the final part of balling at low energy density and
defects. According to Li et al. (2012), the effect of balling on the laser track formation
is an increased surface roughness of the printed surface; the re-melting of the next
layer might remove these irregularities.

The optimization of process parameters also needs to consider other peculiarities of
the L-PBF process, such as productivity. L-PBF are almost three times less productive
than standard methods (Sun et al. 2016; Gutowski et al. 2017); to speed the process,
it is possible to select a proper combination of process parameters (or energy density)
which allows maximizing the Build Rate (Tang et al. 2019). The Build Rate, BR
(cm3/h), is defined as in Eq. (2).

BR = H · L · v (2)

The maximization of the BR refers to a faster laser movement, which corresponds
in Figure 1 to move towards low energy density and, eventually, the increased prob-
ability of producing parts with a specific type of porosity, i.e. lack of fusion. So, for
this reason, this paper focuses on this particular type of porosity that has been widely
recognized as one of the leading causes of reduced mechanical properties in L-PBF
parts (Snow, Nassar, and Reutzel 2020).
The approaches available for the selection of the optimal parameters can be experi-
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mental (Pfaff et al. 2020) or based on computational methods (Bayat, Mohanty, and
Hattel 2019), clearly also combined approaches are possible (Letenneur, Kreitcberg,
and Brailovski 2019).Analytical thermal models have been widely used among compu-
tational methods because of their easy implementation and fast simulation times (Yan
et al. 2020). These models describe the thermal field induced by the laser determining
the size of the molten pool; the thermal field depends on the process parameters used,
power and laser speed.
The melt pool size and geometry data can be used to predict the formation of dif-
ferent types of porosity. According to the defect model proposed by Tang, Pistorius,
and Beuth (2017), the lack of fusion porosity is formed when the width (W) of the
molten pool is smaller than the distance between consecutive molten tracks (H), or
when the molten pool depth (D) is smaller than the layer thickness (L). A graphical
representation of this relationship is represented in Figure 2. According to this model,
the melt pool is approximated by a dual half-elliptical cross-sectional shape and the
condition for lack of fusion formation can be expressed with the following relationship:(

H

W

)2

+

(
L

D

)2

≤ 1 (3)

Eq. (3) is described graphically a quarter of a circumference with unit radius in the
plane (H/W) and (L/D), as shown in Figure 3. All conditions (P,v,H,L) that belong
to the colored area in Figure 3 do not result in lack of fusion porosity.

The combination of analytical models for melt pool size prediction and geometrical-
based models for predicting porosity can be used to assess the printability of the
materials in a pre-defined region of the parameters and eventually define an optimal
set of processing conditions considering both solidification and productivity criteria.
Other authors proposed procedures for the selection of process parameters for L-PBF
processes. Pfaff et al. (2020) provide an experimental approach to identify a large set
of parameters, including the scanning strategy and near-surface parameters. The pro-
cedure is entirely experimental and requires iterative designs of the experiments. Tang
et al. (2019) used his geometric-based model for lack of fusion porosity to identify one
optimal set of process parameters with increased productivity. Letenneur, Kreitcberg,
and Brailovski (2019) used a combination of melt pool models and experiments to
identify processing maps for different materials. Tang et al. (2019) used the defect
model proposed in his previous work, predicted the fraction of lack of fusion porosity,
and fabricated AlSi10Mg parts with a double build rate compared to the standard
condition.
However, all these models do not consider the inevitable variability of L-PBF processes
which is one of the main concerns of L-PBF technologies compared to traditional man-
ufacturing processes (Dowling et al. 2020). Therefore, the variability of the melt pool
size is the focus of the present work.

Melt pool instabilities and a non-homogeneous powder bed could induce large vari-
ability in the melt pool sizes estimated using deterministic thermal models (Chen et al.
2019, 2020, 2021). In addition, the hypotheses on which analytical thermal models are
based induce errors in the estimation of the melt pool size (Yan et al. 2020; Devesse,
De Baere, and Guillaume 2014). These errors can be accounted for considering the
variability when predicting porosity, avoiding thus using more complex models. For
this reason, we propose a procedure that considers the variability of melt pool size in
the selection of the optimal process parameters for L-PBF. Contrary to the literature,
the result of the procedure is a probability of lack of fusion porosity. The selection
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(a) Good solidification. (b) Lack of fusion defect

(c) Good solidification. (d) Lack of fusion defect

Figure 2. Representation of the lack of fusion porosity accordint to the model proposed by Tang, Pistorius,

and Beuth (2017). (a) and (b) Top view of the effect of hatch distance (H) and melt pool width (W), (c) and
(d) lateral view of the effect of layer thickness (L) and melt pool depth (D) on the solidification of the printed

parts.

Figure 3. Lack of fusion constraint according to Eq. 3. The colored area indicates the conditions that ensure
a good bonding between scan tracks.
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of the optimal set of the parameters is based on a utility function, which combines
the minimization of the lack of fusion probability and maximization of productivity.
The resulting set of parameters ensures that high-dense parts are produced, avoiding
the lack of fusion porosity. The methodology was conceived considering that optimal
process parameters are not known before printing and that a costly experimental cam-
paign covering an extensive variation of parameters is not feasible from an industrial
point of view. The information required for the methodology presented here is the
material physical properties and an estimate of the variability of the melt pool. The
output of the proposed procedure is a utility function that, when maximized, provides
information on the optimal set of process parameters. An experimental campaign us-
ing AISI 316L printed samples was carried out to validate the ability of the procedure
to identify the lack of fusion region and the optimal set of process parameters.
The paper is organized as follows: in Section 2 the thermal model and the defect model
are described; following in Section 3 the overall workflow is detailed described; in Sec-
tion 4 the experimental campaign for the procedure validation is reported. The results
of the procedure and the validation samples results are reported in Section 5.

2. Methodologies

2.1. Melt pool model

The melt pool model used for the calculations of the melt pool dimensions is derived
from King et al. (2014) and Rubenchik, King, and Wu (2018) and it is based on the
Rosenthal equation. This model was successfully used to predict the melt pool size for
different materials such as AISI 316L, Ti6Al4V and AlSi10Mg (King et al. 2014; Tang
et al. 2019; Promoppatum and Yao 2019).

T =
AP

πk

√
D

π

∫ ∞
0

exp
[
− z

4Ds −
y+(x−s)2
(4Ds+a2)

]
(4Ds+ a2)

√
t

ds (4)

The quantities in Eq. (4) are defined as follows: a (m) is the laser radius and α
(m2/s) is the thermal diffusivity of the material (m2/s), A is the laser absorptivity, cp
is the heat capacity (J/Kg/K), ρ is the density of the material (kg/m3). The analytical
solution was improved by the normalization of parameters introduced by Rubenchik,
King, and Wu (2018), leading to Eq.(5).

g =

∫ ∞
0

exp
[
− z

′

4t −
y
′
+(x

′−t)2
(4pt+1)

]
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√
t

dt (5)
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α
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=
x

σ
y

′
=
y

σ
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′
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v

Ts =
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πρcp
√
αva3

Function g is defined as the ratio between the estimated temperature and the
temperature at the center of the moving spot, g = T/Ts in function of spatial
coordinates (x, y, z). The melt pool dimensions are obtained when the thermal field
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Figure 4. Procedure workflow for the selection of the optimal processing parameters

is equal to the melting temperature, i.e. T = Tm in the numerator of function g.

2.2. Defect model for lack of fusion

The model proposed by Tang, Pistorius, and Beuth (2017) states that the condition
for avoiding the lack of fusion porosity is that the melt pool width is larger than the
hatch space, see Figure 2 (a) and (b); and that the melt pool depth is larger than
the layer thickness, as shown in Figure 2 (c) and (d). Thus, if the combination of the
process parameters (H, L) and the melt pool dimension (W, D) does not meet the
condition in Eq (3), lack of fusion porosity is formed in the final part, which eventually
indicates that the Energy density is not high enough to allow a complete solidification.

3. Procedure workflow

The proposed procedure workflow is presented in Figure 4. In this section, for each
step a detailed description of the procedure is carried out.

3.1. Determination of the range of parameters to be investigated

The procedure starts with defining a range of possible power values, laser speed, and
hatch distance. Layer thickness L is considered constant because it is usually pre-
defined by the machine manufacturer based on the material used. In any case, the
procedure is easily generalized also in case the layer thickness is varied. This range
can be derived from previous literature or is defined based on the minimum, and
maximum values set based on the industrial L-PBF system considered. In the case of
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the present work, the investigated range of parameters is reported in Table 1. This
range was based on the suggested parameters of the machine manufacturer for AISI
316L and on the range allowed by the L-PBF system used.

Table 1. Range of the process parameters consid-

ered in this study.

Parameter Value

Power 150 - 200 W
Hatch distance 75 - 130 µm
Speed 0.1 - 1.5 m/s
Layer thickness 50 µm
Pre-heating none

3.2. Melt pool size estimation using simulated experiments

A simulation campaign based on a design of the experiment approach is used to derive
melt pool depth (D) and width (W) in the investigated region of the parameters using
the thermal model described in Section 2.1. Melt pool size depends only on power and
scan speed; an experimental design was designed by diving the ranges of power and
speed in equispaced intervals (10 W for Power, 0.2 m/s for speed). The levels used for
the simulation campaign are reported in Table 2.

The output of this simulation campaign is a set of melt pool depth D and width
W for each combination of power and laser speed considered. The simulated data are
then used to build two regression models predicting melt pool depth and width in the
region of parameters of interest, such as the ones in Eq. (6).

Dt = D(P, u)

Wt = W (P, u)
(6)

The material used to validate the procedure is AISI 316L and the physical properties
needed to evaluate the melt pool size are reported in Table 3.

3.3. Monte Carlo simulation

A Monte Carlo approach was used to incorporate the variability in the procedure.
The procedure assumes that for each combination (P,v) the melt pool depth and
width variability is described by a multivariate gaussian distribution with mean µ =
[Dt,Wt] and variance-covariance matrix ΣDW.

(Wi, Di) ∼MN(µ,ΣDW) (7)

Table 2. Factorial simulated experiment for melt pool
size estimation.

Parameter Value

Power 150, 160, 170, 180, 190, 200 W
Speed 0.1, 0.3, 0.5, 0.7, 0.9, 1.1, 1.3, 1.5 m/s

7



Table 3. Room temperature AISI 316L phys-

ical properties (King et al. 2014).

Property Value MU

Heat Capacity 460 J/kg/K
Density 7980 kg/m3

Melting temperature 1673 K
Absorption 0.35 -
Thermal diffusivity 5.38 e-06 m2/s

The mean vector µ is the results of the set of Eq. (6) for a specific combination
of (P,v); the variance-covariance matrix ΣDW was estimated based on a preliminary
experimental campaign.

ΣWD =

[
3.3887 0

0 6.6100

]
The covariance between melt pool depth and width, σWD (i.e., the non-diagonal

elements in ΣDW) is the most challenging quantity to estimate, for this reason, a
sensitivity analysis is carried out to investigate how the covariance influences the pro-
cedure and, therefore, the selection of the optimal set of parameters. For the sensitivity
analysis, two covariance values are selected: one positive (+4.3) and one negative (-
4.3).

The number of simulated melt pools is 50000 for each combination of input param-
eters.

3.4. Lack of fusion probability

The defect model by Tang, Pistorius, and Beuth (2017) allows to predict the forma-
tion of lack of fusion porosity based on four parameters: hatch distance, melt pool
width, layer thickness, melt pool depth. In its original definition, each combination
(H,W,L,D) defines a point in the space defined by (H/W) and (L/D) as shown in
Figure 3. If the point satisfies the constraint in Eq. (3), a proper solidification is
expected.
When considering the variability due to Monte Carlo simulation, the defect model
constraint is to be modified. Several melt pool sizes (W,D) are generated for each set
of input parameters according to the multi-variate normal distribution model defined
in Eq.7. The random generation of melt pool width and depth values results in a set
of points in the space (H/W) and (L/D); these sets of points are represented as black
dots in Figure 5 (a). It is not possible to determine if the specific input condition
results in a lack of fusion porosity, but a probability of lack of fusion is derived.
When all the generated data belong to the feasible region (black dots in Figure 5
(a)), PLOF is equal to 0. In some conditions, the generated data are on the constraint
defined by Eq. 3 (grey dots in Figure 5 (a)). In this case, PLOF is given by the
number of generated data outside the constraint (red dots in Figure 5 (b)) divided
by the total number of generated data. The shape of the generated data (black and
grey dots) illustrated in Figure 5 depend on the hypothesized model, in this case
the multivariate normal distribution. In detail, the the ellipse center is the mean of
the generated data µ, which is the results of the set of Eq. (6). The length of the
ellipse axis depends on the variances of the melt pool depth and width, which are the
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Figure 5. Results of the Monte Carlo generation of melt pool according to model in Eq.7. When the generated

data belong entirely in the acceptange region, PLOF is zero (black dots). When the generated data are on the
constraint (gray dots), PLOF is evaluated as the number of conditions that do not satisfy the constraint (red

dots) over the total number of simulated data (magnified image on the right).

diagonal elements of the matrix ΣDW. Finally, the orientation of the ellipse depends
on the sign and value of the covariances, i.e., the non-diagonal elements of the matrix.

3.5. Utility functions

The objective of the selection of process parameters (P,v,H,L) is based on the maxi-
mization of the Build Rate subject to the minimization of the lack of fusion probability:

max
v,H

BR(v,H,L)

s.t. PLOF (P, v,H,L) ≤ PLOF,0
(8)

where PLOF,0 defines the maximum probability we would like to accept for lack of
fusion formation. The experimenter selects this value depending on the performances
required in the final part; obviously, choosing a higher probability of lack of fusion
would lead to a higher build rate. This approach has two main drawbacks. The first
one is that selecting the value of PLOF,0 is tricky and not straightforward. The second
is that the output of such a problem, as defined in Eq. 8, provides one combination of
parameters, and it does not show how the solution changes depending on the factors
involved.
So, instead of solving a constrained problem, utility functions can be used (Walsh
et al. 2004; Mosa and Paton 2016). The utility function considered in this work is the
following:

u(P, v,H,L) = [1− PLOF (P, v,H,L)] ·BR(v,H,L) (9)

Similarly, the optimization problem in Eq. (8) can be re-written using the utility
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Figure 6. Definition of jump speed to convert point distance and exposure time to laser speed

function and solving the easier optimization problem defined in Eq. (10).

max
P,v,H,L

u(P, v,H,L) (10)

4. Validation samples

Validation samples were built using Renishaw AM250 industrial L-PBF system and
AISI 316L steel powder. The machine is equipped with a laser working in pulsed
mode and the laser spot is approximately 70 µm. In pulsed lasers, the laser speed is a
function of two other parameters: point distance dp and exposure time t. The following
relationship was used to convert point distance and exposure time into laser speed:

v =
dp

dp
JS + t

(11)

Jump speed (JS) is the speed at which the laser moves from one spot to the other
along the same scan line (as shown in Figure 6); the JS was set at 8000 mm/s. The
process parameters varied in the experimental campaign were power, exposure time,
hatch distance, and point distance. An extensive range of process parameters was
selected, and three different energy density levels were considered in this study (34, 59
and 103 J/mm3). The interval of process parameters and the resulting levels of energy
density tested is shown in Table 4. The process parameters were selected according
to the procedure proposed by Cacace and Semeraro (2018), which allows obtaining
different combinations of process parameters resulting in the same level of energy
density. The density of the samples was measured using Archimedes’ principle.

A total number of 18 different combinations of process parameters were selected.
For each combination, two samples were produced. Additionally, four samples using
the machine manufacturer suggested conditions for AISI 316L were added to the build
(P=200W, dp=60 µm, dh=110 µm and t = 80 µs). The density of each sample was
measured using the Archimedes method; each measurement was repeated three times
and the average density was recorded.
Despite working with a pulsed laser for the printing of the validation samples, small
differences are expected. Studies showed that pulsed laser has a slightly smaller melt
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Table 4. Process parameters range of the

validation samples.

Parameter Value

Power P 150 W, 200 W
Point distance dp 34 - 85 µm
Exposure time t 33 - 277 µs
Hatch distance dh 75 - 124 µm
Speeda v 0.15 - 1.1 m/s
Layer thickness L 50 µm (fixed)
Energy density Ed 34, 59, 103 J/mm3

a Derived from Eq.(11) .

pool size (at the same energy density) than continuous. However, the difference be-
comes significant only when complex geometries are considered (Demir et al. 2019).

5. Results and discussion

5.1. Melt pool size simulation

Melt pool width and depth resulting from the simulated factorial experiment described
in Section 3.2 are shown in Figure 7. Melt pool width and depth both increase at low
speed and high power, that is when the energy deposition increases.

(a) Melt pool width from analytical prediction. (b) Melt pool depth from analytical prediction.

Figure 7. Melt pool widths and depths obtained from the analytical solutions in Eq.5.

The values obtained from the simulation runs were then used to estimate relation-
ships between melt pool size and process parameters (P,v). The equations are the
following:

Dt = 2.110 + 4.331
√

(P/v)

Wt = 33.62 + 8.089
√

(P/v)
(12)

These equations showed a high quality fit (adj-R2 larger than 99% in both cases).
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These equations are valid only in the range of parameters considered for the simulated
experiment. The coefficients combine the effects of the physical properties of the
material, so depending on the values used in the simulations they change. However,
the proportionality between melt pool size and

√
(P/v) is a direct result of Eq. (3).

5.2. Lack of fusion probability and validation results

Based on the ranges of the parameters defined in Table 1, for each combination of
(P,v,H), melt pool widths and depths are generated according to the model defined
Eq.(12). The results are reported in the Appendix. For a specific set of power and
speed, the melt pool depth and width were calculated based on the analytical model
in Eq. 4. Then, the variability of the melt pool was added using the multivariate
normal distribution model according to Eq.7. The probability of lack of fusion is then
evaluated for each speed and hatch distance. The derivation of the surface in Figures
8 is derived only based on the thermal properties of the material and the Monte
Carlo simulation results. Figures 8 (a) and (b) show the surfaces representing the lack
of fusion probability at two power levels. As expected, at low speed and low hatch
distance, the lack of fusion probability is zero, which is coherent with Figure 1: at high
energy density, the melt pools overlap. At high energy density, other flaws are present,
but they are not considered in the procedure as they are produced at extremely low
productivity rates.Keyhole porosity arises at large power values combined with low
scan speeds, resulting in low build rates. Such a combination of parameters is not
obtained using the proposed optimization framework. As shown by Scime and Beuth
(2019), the parameters combinations that lead to keyhole are different from those that
result in a lack of fusion formation in terms of build rates and combination of power
and speed.

The simulation results are that the lack of fusion probability increases sharply as the
energy density is reduced.However, in a small range of speed and hatch distances, the
probability goes from 0 to 1.The selection of the optimal condition should be carefully
optimized because a slight variation in the process parameters significantly affects the
mechanical properties.
It also appears that it is possible to use higher values of hatch distance and scan speed
(i.e. high build rates) when high power is used.

The density results of the L-PBF samples are used to validate the procedure by
verifying that the thermal model combined with the Monte Carlo simulation is able
to predict the lack of fusion region. The density results of the validation samples are
reported in Table 5; for each of the 18 combinations of the parameters, two samples
were printed; while the reference condition was replicated four times.The density re-
sults for all samples are reported as % of the reference value for AISi 316L, 7.98 g/cm3.
At Ed= 33 J/mm3 (lowest level of energy and highest BR) the apparent density values
are lower than 94%, indicating the presence of lack of fusion porosity. On the contrary,
the reference condition (Ed= 48 J/mm3) and the other two levels of energy density
(59 and 102 J/mm3) show all high values of density, indicating that they belong to
the steady region in Figure 1.
The density results of the printed samples are compared to the predicted region of
lack of fusion probability. Figure 8 (c) and (d) show the contour lines of the lack of
fusion probability surfaces. The contour lines show the 10, 90, and 100 % probability
of lack of fusion formation.
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Table 5. Density of AISI 316L validation

samples

P (W) v (m/s) H (µm) Ed (J/mm3) Density (%)
200 1.16 87

33

93.7%; 93.4%
200 1.29 76 92.3%; 93.2%
200 0.84 124 93.5%; 93.5%
200 0.52 121

59

99.3%;99.4%
200 0.63 99 99.3%; 99.4%
200 0.61 103 99.5%; 99.5%
200 0.48 76

102

99.5%; 99.4%
200 0.31 121 98.9%; 98.7%
200 0.36 103 99.3%; 99.5%
150 0.91 85

33

93.0%; 88.8%
150 0.67 121 93.6%; 93.7%
150 0.79 99 92.3%; 91.7%
150 0.46 102

59

98.9%; 98.9%
150 0.40 121 99.1%; 99.3%
150 0.48 99 99.0%; 99.2%
150 0.34 83

102

98.7%; 99.3%
150 0.25 116 98.1%; 99.2%
150 0.29 96 99.3%; 99.2%

200
a

0.68 110 48
98.6%; 99.4%;
99.2%; 99.2%

a Reference condition.

For each power level, the results of the density samples are reported as dots in
correspondence of the specific values of hatch distance and speed indicated in Table
5. Green dots represent samples with an apparent density higher than 98.5%, while
red squares represent data with lower densities. The results show that at both levels
of power, the procedure predicts the lack of fusion region as all the samples with low
density belong to a region where the lack of fusion probability is close to 1.

Since the model has been validated, the utility function can effectively identify
the optimal set of process parameters. The function is derived by multiplying
the complement of the probability of lack of fusion formation (1-PLOF ) (i.e. the
probability of good solidification) with the Build Rate, for each speed and hatch
distance combination. The utility functions at P=150 W and P=200W are shown in
Figure 9 a) and b), respectively. The utility contour lines in Figure 9 c) and d) are
derived from the surface defined in Eq. (9) can be used to identify an optimal region
of the parameters. First of all, the utility function is maximized at the highest level
of power as expected from the definition of BR in Eq. (2), as BR can be rewritten
as BR = P/Ed. Generally, to maximize productivity, one must choose a high level
of power. In other terms, selecting a high power level allows the process to increase
by choosing a larger hatch space and a faster speed as the melt pool dimensions also
increase with power (see Figure 7). The utility function is reduced when despite the
high BR, the formation of porosity is likely, diminishing the ”utility” of using those
combinations of parameters. By focusing on the highest level of power, the simulation
results suggest that the reference condition (indicated in Figure 9 (b)) belongs to the
optimal region where the utility is maximized.
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(a) Lack of fusion probability at P = 150 W. (b) Lack of fusion porosity at P = 200 W.

(c) Results of the validation samples at P = 150 W. (d) Results of the validation samples at P = 200 W.

Figure 8. (a) and (b) Lack of fusion probability evaluated as function of hatch distance and speed; (c) and

(d) Results of the validation samples

Based on the utility function results, all the combinations of speed and hatch dis-
tance which result in a utility equal to 4000 (when P is set at 200 W) belong to the
optimal set of process parameters. Specifically, the combination of speed and hatch
distance with the highest level of utility (equal to 4108) is dh=114 µm and v=0.72
m/s. Also, the reference condition shows a slightly lower utility value, 3187. The BR
of the condition with the highest utility is equal to 14.7 cm3/h, while the productivity
of the reference condition is 13.5 cm3/h; that means that the new condition allows a
10% increase in productivity without affecting the probability of defect formation.
In conclusion, the utility map was successfully used to determine a new set of process
parameters with increased productivity. The utility function (Eq.9) is derived inde-
pendently from experimental results, and it depends only on the material properties
and the variance-covariance matrix. The experimental data provide information on
the goodness of the two models used (thermal and defect) because the samples that
resulted in a lack of fusion porosity do belong to the predicted region by Tang, Pisto-
rius, and Beuth (2017). Additionally, the reference condition provided by the machine
manufacturer is close to the optimal set of parameters identified by the utility map,
indicating that the utility map is a valuable tool for fast process optimization.
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(a) Utility function P = 150 W. (b) Utility function at P= 200 W.

(c) Utility contour plot and result of the validation

samples at P=150 W.

(d) Utility contour plot and result of the validation

samples at P=200W.

Figure 9. Utility function and results of the validation samples.

6. Sensitivity analysis

One of the required inputs of the proposed procedure is the selection of the covariance
between melt pool depth and width, σWD. This quantity is difficult to be estimated,
and therefore a sensitivity analysis is carried out to investigate the effect of its value
on the utility function, and therefore on the optimal processing conditions. Covariance
rules the orientation of the generated melt pool in the Monte Carlo simulation; pos-
itive covariance indicates a positive correlation between melt pool depth and width;
a negative covariance indicates that when melt pool depth increases, the melt pool
width decreases, and vice versa.
A representation of the effect of the covariance value on the generation of melt pool
depth and width, and therefore on the definition of the lack of fusion probability PLOF
is shown in Figure 10.

The procedure for identifying the optimal set of parameters consisted of deriving
the utility function using the two values of covariance σWD=-4.1 and σWD=+4.1, and
comparing them with the case when covariance is equal to 0.

The results of the sensitivity analysis are reported in Table 6. The data show that
the covariance has a limited effect on identifying the optimal processing parameters
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Figure 10. Effect of the covariance value on the generated melt pool values in the Monte Carlo simulation
for the determination of the lack of fusion probability PLOF

Table 6. Optimal process parameters and

utility results at different σWD values.

Optimal process parameters
Power (W) Utility v (m/s) dh (µm)

σWD=0
200 4108 0.72 114
150 3077 0.54 115

σWD=+4.1
200 4012 0.74 112
150 3011 0.57 109

σWD=-4.1
200 4166 0.72 117
150 3123 0.55 114

using the proposed procedure. Given the same power, the utility values are all similar
(the differences are in the range of 4%).The maximum difference in the optimal laser
scan speed and hatch distance values is 0.03 m/s and 6 µm, respectively .

7. Conclusions

In this work, a fast procedure for selecting of the optimal region of process parameters
is proposed. The objective is to find a trade-off between quality (avoid the forma-
tion of lack of fusion porosity) and productivity (maximization of the build rate);
the multi-objective optimization is solved through a utility function. The procedure
exploits semi-analytical thermal models that allow a fast simulation time and good
prediction properties. For this reason, the procedure does not require an experimental
campaign for tuning the parameters, and the only requested input parameters are the
material’s physical properties and an estimate of the variance-covariance matrix. The
lack of fusion probability is estimated using a geometric-based model proposed in the
literature. The natural variability of the melt pool is considered for the first time in
this work. A Monte Carlo approach is used to simulate variable melt pool depths and
widths to account also for irregularities during the solidification of the melt pool.
Printed samples built at different processing conditions were used to validate the
procedure.The model correctly estimated the lack of fusion porosity, and the utility
function was used to determine a feasibility region where productivity is maximized,
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and the lack of fusion probability is minimized. A new optimal condition is identified
that allows a 10% increase in productivity without affecting the probability of defect
formation.
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Appendix

Table 7. Melt pool depth and width for

the validation samples based on 12

P (W) v (m/s) H (µm) D (µm) W (µm)
200 1.16 87 59 140
200 1.29 76 56 134
200 0.84 124 69 158
200 0.52 121 87 192
200 0.63 99 79 178
200 0.61 103 81 181
200 0.48 76 90 198
200 0.31 121 112 239
200 0.36 103 104 224
200 0.23 95 131 273
200 0.23 93 129 271
200 0.29 75 117 247
150 0.91 85 58 137
150 0.67 121 67 155
150 0.79 99 62 145
150 0.46 102 80 179
150 0.40 121 86 190
150 0.48 99 79 177
150 0.34 83 94 205
150 0.25 116 109 234
150 0.29 96 101 218
150 0.21 76 117 249
150 0.18 91 128 268
150 0.16 106 137 285
200 0.69 110 76 172
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Table 8. List of symbols.

Symbol Definition Unit of measurement
P Power W
v Speed m/s
L Layer thickness µm
H Hatch distance µm
dp Point distance µm
t Exposure time µs
JS Jump speed m/s
A Absoptivity -
α Thermal diffusivity m2/s
a Laser radius µm
cp Heat capacity J/Kg/K
ρ Density g/cm3

Tm Melting temperature K
W Melt pool width µm
D Melt pool depth µm

Nomenclature/Notation
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Silva. 2020. “Influence of processing parameters on the density of 316L stainless steel parts
manufactured through laser powder bed fusion.” Proceedings of the Institution of Mechanical
Engineers, Part B: Journal of Engineering Manufacture 234 (9): 1246–1257.

20



Prashanth, Konda Gokuldoss, Sergio Scudino, Tapabrata Maity, J Das, and Jürgen Eckert.
2017. “Is the energy density a reliable parameter for materials synthesis by selective laser
melting?” Materials Research Letters 5 (6): 386–390.

Promoppatum, Patcharapit, and Shi-Chune Yao. 2019. “Analytical evaluation of defect genera-
tion for selective laser melting of metals.” International Journal of Advanced Manufacturing
Technology 103.

Rao, Heng, Stephanie Giet, Kun Yang, Xinhua Wu, and Chris HJ Davies. 2016. “The influ-
ence of processing parameters on aluminium alloy A357 manufactured by Selective Laser
Melting.” Materials & Design 109: 334–346.

Rubenchik, Alexander M, Wayne E King, and Sheldon S Wu. 2018. “Scaling laws for the
additive manufacturing.” Journal of Materials Processing Technology 257: 234–243.

Scime, Luke, and Jack Beuth. 2019. “Melt pool geometry and morphology variability for the
Inconel 718 alloy in a laser powder bed fusion additive manufacturing process.” Additive
Manufacturing 29: 100830.

Snow, Zackary, Abdalla Nassar, and Edward W Reutzel. 2020. “Review of the formation and
impact of flaws in powder bed fusion additive manufacturing.” Additive Manufacturing
101457.

Spears, Thomas G, and Scott A Gold. 2016. “In-process sensing in selective laser melting (SLM)
additive manufacturing.” Integrating Materials and Manufacturing Innovation 5 (1): 16–40.

Sun, Zhongji, Xipeng Tan, Shu Beng Tor, and Wai Yee Yeong. 2016. “Selective laser melting
of stainless steel 316L with low porosity and high build rates.” Materials & Design 104:
197–204.

Tang, M., P. C. Pistorius, and J. L. Beuth. 2017. “Prediction of lack-of-fusion porosity for
powder bed fusion.” Additive Manufacturing 14: 39–48.

Tang, Ming, Petrus Christiaan Pistorius, Colt Montgomery, and Jack Beuth. 2019. “Build Rate
Optimization for Powder Bed Fusion.” Journal of Materials Engineering and Performance
28 (2): 641–647.

Walsh, William E, Gerald Tesauro, Jeffrey O Kephart, and Rajarshi Das. 2004. “Utility func-
tions in autonomic systems.” In International Conference on Autonomic Computing, 2004.
Proceedings., 70–77. IEEE.

Wang, Di, Yang Liu, Yongqiang Yang, and Dongming Xiao. 2016. “Theoretical and experimen-
tal study on surface roughness of 316L stainless steel metal parts obtained through selective
laser melting.” Rapid Prototyping Journal .

Yan, Wentao, Yan Lu, Kevontrez Jones, Zhuo Yang, Jason Fox, Paul Witherell, Gregory Wag-
ner, and Wing Kam Liu. 2020. “Data-driven characterization of thermal models for powder-
bed-fusion additive manufacturing.” Additive manufacturing 36: 101503.

21


