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Abstract: Inconel 718 is a nickel-based superalloy and an excellent candidate for the aerospace, oil,
and gas industries due to its high strength and corrosion resistance properties. The machining of
IN718 is very challenging; therefore, the application of additive manufacturing (AM) technology is
an effective approach to overcoming these difficulties and for the fabrication of complex geometries
that cannot be manufactured by the traditional techniques. Selective laser melting (SLM), which is
a laser powder bed fusion method, can be applied for the fabrication of IN718 samples with high
accuracy. However, the process parameters have a high impact on the properties of the manufactured
samples. In this study, a prediction model is developed for obtaining the optimal process parameters,
including laser power, hatch spacing, and scanning speed, in the SLM process of the IN718 alloy.
For this purpose, artificial neural network (ANN) modeling with various algorithms is employed to
estimate the process outputs, namely, sample height and surface hardness. The modeling results fit
perfectly with the experimental output, and this consequently proves the benefit of ANN modeling
for predicting the optimal process parameters.

Keywords: additive manufacturing; laser powder bed fusion; selective laser melting; Inconel 718;
artificial neural network

1. Introduction

Inconel 718 (IN718) is one of the age-hardenable superalloys which is well-known
for its outstanding chemical and mechanical properties at elevated temperatures [1–3].
This alloy has a wide range of working temperatures up to 650 ◦C [4]. IN718 also shows
excellent corrosion and creep resistance behavior and provides high strength [5,6]. In-
sensitivity to strain-age cracking and good weldability behavior are the other desirable
features of IN718 [7]. This superalloy is formed of several elements, such as chromium,
niobium, aluminum, and titanium, but nickel is the main contributor with a range of
50–55 weight percentage [4,8,9]. These elements are designed to form different phases that
can be adjusted to bring about desired properties based on the application requirements.
Because of all these features, IN718 has been employed in various industries, such as gas
turbines, aircraft engines, power plants, and combustion chambers components [10–14].
However, when it comes to the machinability, the high mechanical strength of IN718 can
be a drawback. The machining operation of this alloy is a time-consuming and costly pro-
cess [15], which is a big hindrance to forming the complex geometry components needed
in the aforementioned industries. This limitation has led to the inability of traditional
manufacturing techniques in the fabrication of IN718 parts with complicated geometries.
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That is why additive manufacturing (AM) technology has drawn the attention of manufac-
turers to fabricate high-demand IN718 components while the geometry requirements can
be satisfied [16].

Laser powder bed fusion (LPBF) is one of the widely-used AM techniques which is
capable of fabrication of highly complex geometry products with an excellent precision
level [17]. There are numerous studies focused on the manufacturing of IN718 components
through LPBF, as this technique provides a powerful industrial prototyping tool, cost-
effective components with complicated shapes, great freedom in fabrication, high surface
quality, and relatively high density values [18–25]. However, it has been determined that
the quality of parts is highly dependent on the process parameters employed in the LPBF
process [26–30]. Considering the complexity of the LPBF process and numerous factors
involved (including chemical and physical phenomena), performing a statistical study
seemed necessary to reveal a strong correlation between process parameters and quality,
and properties of the end products.

Various studies have investigated the process parameters in LPBF-processed IN718 in
terms of microstructure, mechanical response, and dimensional accuracy. Several studies
analyzed the microstructure change of LPBF-fabricated IN718 parts as a response to the
different processing parameters. Balbaa et al. [31] studied the effect of different laser powers
and scan speeds on the stability of melt pools of IN718. They found equiaxed grains at the
lowest scanning speed of 600 mm/s, whereas increasing the speed to 800 mm/s revealed
columnar grain structure. They also reported that at the scanning speed of 800 mm/s,
reducing the hatch spacing changed the grain structure from mixed to columnar grains.
In a similar study [32], it was reported that an increase in the energy density formed a
microstructure with longer and more tightly bound dendrites, with fine columnar dendrites
being observed due to the higher thermal gradient. It was also concluded that there was a
strong correlation between the energy density and the formation of pores, as employing the
higher energy density reduced the level of porosity. A detailed study by Kumar et al. [33]
showed that the laser power and scan speed have different influences on the formation
of pores in the IN718 LPBF-fabricated samples. The authors observed a rapid decrease in
the level of porosity with an increase in laser power, whereas a linear trend was found by
reducing the scan speed. Consequently, a proper combination of laser power and scanning
speed was recommended for obtaining a fully dense part.

The laser process parameters have an influence on the density and mechanical prop-
erties of as-fabricated LPBF samples [34]. In a statistical study performed on LPBF, the
laser power values were varied at three different levels to fabricate IN718 samples. It was
revealed that increasing the laser power to a specific value (200 W) brings about parts with
a lower porosity level. Additionally, in terms of mechanical properties, the highest yield
strength of 775 MPa, the ultimate strength of 1055 MPa, and elongation of about 30% were
obtained [35]. Lower surface quality and a higher porosity level in the LPBF-processed
IN718 samples were observed when the scanning speed was increased [32,36].

One of the drawbacks of the LPBF process is the relatively poor surface finish and di-
mensional accuracy of the final parts. Although LPBF is widely utilized for the fabrication
of components in aerospace and biomedical industries, it is still challenging to achieve the
high level of precision required for some critical parts. Achieving a level of accuracy of
up to ±20–50 µm is difficult for the 3D printing components [37]. For this reason, many
studies considered dimensional accuracy as one of the main outputs in the optimization
of processing parameters [28,38–42]. Nguyen et al. [43] concluded that lowering the layer
thickness results in denser parts with higher dimensional accuracy and minor improve-
ments in mechanical properties and microhardness. In another study, the effect of hatch
distance on the density of LPBF-fabricated IN718 was revealed. It was found that a higher
level of densification occurs by reducing the hatch spacing [44]. Yi et al. [45] investigated
the impact of laser power and scanning speed on the geometrical accuracy of the fabricated
samples. They found that a lower speed and higher laser power significantly reduced the
geometrical accuracy of the fabricated IN718 samples. Similar observations were reported
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in another study by Sadowski et al. In another study performed by Huo et al. [46], the
effect of process parameters on the distortion of the LPBF-fabricated IN718 samples was
investigated through simulation analysis. Using Simufact Additive (SA), a simulation
software, it was found that each set of process parameters have a different effect on the
quality of the part. For example, it was seen that as the laser power increased, the distortion
effects increased and that the distortion could be reduced by increasing the scan speed.
However, no experimental measurements were used in this study to evaluate the output of
the simulation model. The distortion analysis and the dimensional accuracy can also be
evaluated by investigation of the variation in size of the sample height, as the most affected
dimension fabricated along the building direction. The importance of this parameter can
be attributed to the fact that the deviation in height of the sample can prevent uniform
spreading of the powder, leading to failure in fabrication due to the collision between a
part and the recoater. In this case, several studies investigated the effect of processing
parameters on the dimensional accuracy; the height of the sample was considered as an
important criterion [24,47–49]. Similarly, in this study the sample height was selected as an
output to represent the dimensional accuracy and the deviation from the designed value.
The studies reviewed above focused on statistical models to find the exact correlation
between the LPBF process parameters and the quality of parts. While there are many
archived data in the literature, there is still a gap to be filled for finding a fast and reliable
model to provide a strong relationship between LPBF parameters and the properties of
fabricated products.

Artificial neural network (ANN) is a rapid and reliable method that is broadly used
for solving complex problems using various algorithm architectures. Therefore, ANN mod-
eling can be applied as a prediction tool for finding a nonlinear relationship between input
and output results for various manufacturing processes and, consequently, discovering
the optimal processing parameters [50]. Some studies took advantage of ANN modeling
for predicting the optimal parameters in AM processes. For example, Kwon et al. [51]
employed an ANN model to study the influence of laser power on microstructural prop-
erties on the LPBF-fabricated parts. For this purpose, they utilized 13,200 images of the
melting pool area in order to recognize crack formation and the density of the fabricated
parts. Khorasani et al. [52] also applied the ANN model to predict the surface rough-
ness and investigate the effect of process parameters on the LPBF Ti-6Al-4V alloy. The
results showed that heat treatment and laser power were two main parameters with a
high influence on surface quality. In another study, Zhang et al. [53] applied a combi-
nation of the ANN technique and fuzzy logic, which is called a neuro-fuzzy inference
system (ANFIS), to predict the fatigue life of LPBF-based fabricated stainless steel 316L
samples. The model was able to produce an accurate prediction of the fracture mechanism
and fatigue life of the samples based on various process and post-processing parameters.
Mehrpouya et al. [54,55] showed that ANN modeling can be used to optimize the process
parameters in LPBF fabricating NiTi alloys. Laser power, hatch spacing, and scanning
speed were considered as the principal parameters in this process and the prediction model
successfully found the optimum set of parameters for the manufacturing process.

This work aims to show the potential of the ANN model for predicting the optimal
process parameters in a LPBF-processed IN718 alloy and, in particular, investigates the
impact of input parameters, including laser power, hatching space, and scanning space, on
sample dimension and surface quality of the fabricated parts.

2. Experimental Setup
2.1. Materials and Equipment

All samples were fabricated by an EOS SLM 3D printer (EOS GmbH, M290, Germany)
which has a build volume of 250 × 250 × 325 mm and an ytterbium fiber laser of 400 W.
IN718 powder was also provided by the EOS company with an average particle size of
12 microns. The powder composition was reported here [24]. The samples for this study
were designed and fabricated in the dimensions of 5 × 5 × 6 mm (length × width ×
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height). For measuring the dimensions of the samples, the FAROARM® EDGE and Laser
Scan arm (Faro, Lake Mary, FL, USA) coordinate measurement system was applied in this
study. Cloud data points were obtained from the FAROARM® EDGE scanner and these
data points were then converted into CAD models. These CAD models were measured
using Polyworks Inspector software (Innovmetric, Novi, MI, USA). Additionally, a Vickers
hardness tester, LECO (LECO, LM 300 AT, Saint Joseph, MI, USA), was employed to
analyze the microhardness of each sample on the top surface of the sample. A load of 500 g
was applied for 10 s and a minimum of four indentations were made and reported.

2.2. Design of Experiments

The process parameters in this study were generated based on the DOE approach, in
particular the RSM technique, using Minitab software (Minitab Inc., Version 19, Philadel-
phia, PA, USA). The energy density of the process parameters was calculated using the
following equation [24,56,57]:

Ev =
P

v × h × t

where Ev (J/mm3) is energy input, P (W) is laser power, v (mm/s) is scanning speed, h
(µm) is hatch distance, and t (µm) is layer thickness.

The layer thickness was constant (40 µm) in order to simplify the experimental process;
however, a range of various operational parameters was considered in this study, as shown
in Table 1.

Table 1. Values of the process parameters used in this study.

Laser Power (W) Scan Speed (mm/s) Hatch Spacing (µm) Energy Density (J/mm3)

256.5 864.0 99.0 75.0
256.5 864.0 121.0 61.3
313.5 864.0 121.0 75.0
237.1 960.0 110.0 56.1
285.0 960.0 110.0 67.5
313.5 864.0 99.0 91.6
256.5 1056.0 121.0 50.2
285.0 960.0 91.5 81.1
285.0 960.0 110.0 67.5
332.9 960.0 110.0 78.8
313.5 1056.0 121.0 61.3
285.0 798.5 110.0 81.1
285.0 960.0 110.0 67.5
285.0 1121.5 110.0 57.8
285.0 960.0 110.0 67.5
285.0 960.0 110.0 67.5
313.5 1056.0 99.0 75.0
285.0 960.0 128.5 57.8
256.5 1056.0 99.0 61.3
285.0 960.0 110.0 67.5

3. Neural Network Setup

ANN modeling is a collection of interconnected neurons that can learn and adapt
themselves to the environment. There are normally two steps in this method—one for the
learning process and the other one for recall. The recall phase works based on different
weight rates obtained from input and output data in the learning phase [54,58]. In this
study, the optimal ANN model was achieved based on a logsig transfer function in the
multilayer perceptron (MLP) network [59]. In particular, Levenberg–Marquardt (LM) and
Back-Propagation (BP) algorithms were applied to train the MLP network using MATLAB
software [50]. Table 2 shows a summary of the characteristics of the selected network in
this study.
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Table 2. Characteristics of the selected network.

Element Value

Activation function sigmoid-sigmoid
Number of layers 2

Number of neurons 10-10
Data Davison percentage 70-15-15

Number of epoch 1000
Type of learning rule LM & BP

Type of code MATLAB code
Software requirement MATLAB

The LM algorithm can effectively perform a faster training process; thus, it is widely
used for optimizing problems, specifically for small networks, since it requires a large
memory for a multitude of computations. The LM algorithm has the capability to minimize
training error and, consequently, to increase the model accuracy [60]. The BP algorithm
contains forward computing and also a backward learning cycle. It was applied in this
study in order to improve the efficiency of the computation for weights and to reduce the
mapping errors for the neurons in the network [61].

Moreover, different indicators, including the coefficient of correlation (R), the coeffi-
cient of determination (R2), and root mean square error (RMSE), were considered in order
to evaluate the predictability of this network. Accordingly, the best fit was considered
based on the desired and predicted values (RMSE = 0 and R = 1). All experimental data are
divided into three groups in this modeling:

• 60% training;
• 20% cross-validation;
• 20% testing.

As shown in Figure 1, this model consists of three inputs (LP, SS, HS), two hidden
layers, and two outputs (sample height and surface hardness). It should be mentioned
that the sample height and hardness are considered as the input subset in order to increase
the accuracy of the network. In other words, as shown in Figure 1, in order to predict one
of the outputs (hardness or height), the other one can be considered as the input in the
modeling process. In this way, the number of input data is increased and this can provide
a higher prediction rate [50,54,55,62].
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Figure 1. Schematic of the neural network model.

4. Results and Discussion
4.1. Experimental Results

The process parameters have a direct impact on geometric accuracy. Therefore, the
geometry of the fabricated IN718 samples was analyzed by a coordinate measuring machine
(CMM) in this study. In order to simplify the measurement process, the sample height
dimension was selected to investigate the effect of process parameters on dimensional
accuracy. The average, standard deviation, and uncertainty of the measurements were
calculated for the sample height. According to the results extracted for the sample height,
the average value was between 5.971 and 6.018 mm. The standard deviation varied from
0.77% to 1.82% and the estimated standard measurement uncertainty was between 0.17%
and 0.41%. In this case, the source of uncertainty can be associated with the coordinate
measuring machine (CMM) system, including variation in a workpiece, variation in the
fixture, workpiece form error, sampling strategy, thermal condition, dirt, coolant, dynamic
effects, and the operator [63].

Figure 2 illustrates the influence of operational parameters (LP, SS, and HS) on the
height of the fabricated samples. As shown, scanning speed plays a significant role in the
dimension accuracy, particularly sample height. The results show that the sample heights
decreased significantly to lower than 5.98 mm when the scanning speed was in the range of
900 to 1050 mm/s. This can be observed in both SS–LP and HS–SS diagrams. Conversely, it
can be observed that the sample heights increased to over 6.03 mm when the hatch spacing
was below 100 µm. This also happened when laser power was below 260 W or scanning
speed was over 1050 mm/s.



Appl. Sci. 2021, 11, 8010 7 of 14

Appl. Sci. 2021, 11, x FOR PEER REVIEW  7  of  15 
 

turn, leads to the elongation of grains parallel to the building direction and the formation 

of columnar structures [24,64]. This condition affects the dimensions of the parts, particu‐

larly the sample height. On the other hand, the formation of shallower melt pools results 

from a lower level of energy density, leading to lower height values for the as‐fabricated 

samples [42]. As the relationship between scanning speed and energy density is inverse, 

a higher scanning speed (lower energy density) results in a lower sample height. The same 

thing is valid for the hatch spacing, as it follows a similar relationship with energy density. 

 

Figure 2. The influence of processing parameters on the height of the SLM‐fabricated IN718 samples. 

According to the results obtained for the hardness, the average value ranged from 

260.28 to 308.58 HV. In this case, the standard deviation was between 1.36 and 16.14% and 

the standard measurement uncertainty varied from 0.30 to 3.61%. For the hardness meas‐

urements, the source of uncertainty can be categorized as test specimen (preparation, par‐

allelism, and surface aspect),  testing means  (measurement  for  the diagonal of  indenta‐

tion), test environment (temperature and dirt), and the operator [65]. 

Figure 3 demonstrates that hatch spacing had a substantial impact on determining 

the surface hardness of the fabricated IN718 samples. As can be seen, the sample hardness 

decreased considerably from 270 to 260 HV when the hatch spacing increased from 110 to 

Figure 2. The influence of processing parameters on the height of the SLM-fabricated IN718 samples.

This variation in the height of the samples can be attributed to the level of energy
density used during the fabrication process. A higher level of energy density will result in
the formation of deeper pools, which facilitates epitaxial solidification [24,64]. This, in turn,
leads to the elongation of grains parallel to the building direction and the formation of
columnar structures [24,64]. This condition affects the dimensions of the parts, particularly
the sample height. On the other hand, the formation of shallower melt pools results
from a lower level of energy density, leading to lower height values for the as-fabricated
samples [42]. As the relationship between scanning speed and energy density is inverse, a
higher scanning speed (lower energy density) results in a lower sample height. The same
thing is valid for the hatch spacing, as it follows a similar relationship with energy density.

According to the results obtained for the hardness, the average value ranged from
260.28 to 308.58 HV. In this case, the standard deviation was between 1.36 and 16.14%
and the standard measurement uncertainty varied from 0.30 to 3.61%. For the hardness
measurements, the source of uncertainty can be categorized as test specimen (prepara-
tion, parallelism, and surface aspect), testing means (measurement for the diagonal of
indentation), test environment (temperature and dirt), and the operator [65].

Figure 3 demonstrates that hatch spacing had a substantial impact on determining
the surface hardness of the fabricated IN718 samples. As can be seen, the sample hardness
decreased considerably from 270 to 260 HV when the hatch spacing increased from 110
to 125 µm. This occurred when both laser power and scanning speed were considered
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constant (960 mm/s and 285 W respectively). Additionally, Figure 3 reveals that the surface
hardness can increase sharply to around 300 HV when the laser power is over 300 W and
the scanning speed is below 850 mm/s, as shown in the LP–SS diagram. The same result
can be observed in the LP–HS diagram when the laser power is over 300 W and the hatch
spacing is less than 95 µm. In addition, the HS–SS diagram demonstrates that by increasing
the scanning speed and the hatch spacing values, the surface hardness declines significantly
to the range of 260–266 HV. Contrarily, the hardness can rise to over 300 HV when the
scanning speed and the hatch spacing are less than 850 mm/s and 95 µm, respectively.

Appl. Sci. 2021, 11, x FOR PEER REVIEW  8  of  15 
 

125 μm. This occurred when both laser power and scanning speed were considered con‐

stant (960 mm/s and 285 W respectively). Additionally, Figure 3 reveals that the surface 

hardness can increase sharply to around 300 HV when the laser power is over 300 W and 

the scanning speed is below 850 mm/s, as shown in the LP–SS diagram. The same result 

can be observed in the LP–HS diagram when the laser power is over 300 W and the hatch 

spacing is less than 95 μm. In addition, the HS–SS diagram demonstrates that by increas‐

ing the scanning speed and the hatch spacing values, the surface hardness declines signif‐

icantly to the range of 260–266 HV. Contrarily, the hardness can rise to over 300 HV when 

the scanning speed and the hatch spacing are less than 850 mm/s and 95 μm, respectively. 

The hardness value, which can be a good representative of mechanical properties, 

has been reported to have a strong correlation with the energy density level [66,67]. Based 

on the results, there was a drop in the hardness value with an increase in hatch spacing. 

This can be explained by the relationship between the energy density and the adhesion of 

fabricated layers. Increasing the space between the  laser tracks (hatch spacing) reduces 

the energy density and, thereby, affects the epitaxial solidification. With a lower level of 

epitaxial bonding, the probability of weak adhesion between the layers is higher. Conse‐

quently, this prevents the formation of columnar structures [68]. It has been revealed that 

there is a strong correlation between the formation of columnar grains and the hardness 

value [69]. Therefore, a lower hardness value is expected for the sample fabricated with 

higher hatch spacing.  In  terms of scanning speed, as an  increase  in  this parameter de‐

creases the energy density, the same logic discussed before can be used. A higher scanning 

speed value (lower energy density) results in the formation of shallower pools, and shal‐

lower pools,  in turn,  lead to weaker epitaxial solidification. Thus, a weak adhesion be‐

tween layers leads to a lower hardness value. Since the relationship between laser power 

and energy density is linear, the opposite is true for the effect of laser power, as observed 

in the results. 

Appl. Sci. 2021, 11, x FOR PEER REVIEW  9  of  15 
 

 

Figure 3. The influence of processing parameters on the surface hardness of the SLM‐fabricated IN718 samples. 

4.2. Modeling of Experimental Data and Results 

The input data were collected from the previous experimental study [24], which in‐

vestigated the impact of processing parameters (LP, SS, HS) on the surface quality of the 

printed samples. Therefore, this part discusses the results of the ANN modeling process 

as a prediction tool, estimating two outputs—sample height and surface hardness. The 

archived results are based on the MLP neural model, in particular with the application of 

the BP and LM algorithms for the modeling of both input and output data in the experi‐

mental study. The modeling results were obtained based on the coefficient of determina‐

tion (R2) assessment, so that they demonstrated the linear correlation between the calcu‐

lated and the observed data based on a statistical approach. 

Figure  4  illustrates  a  comparison  between  the  measured  and  predicted  sample 

heights in both training and testing phases. As can be seen, these graphs depict the best 

fitting line for the desired and calculated data sets based on the predefined network model 

and hidden layers. 

 

Figure 4. Comparison between the measured and the predicted heights in the training/testing phases. 

In the following, Table 3 demonstrates the statistical report of the linear regression 

related to sample height. As shown, the lowest R2 values are 0.97912 and 0.97525 for the 
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The hardness value, which can be a good representative of mechanical properties, has
been reported to have a strong correlation with the energy density level [66,67]. Based
on the results, there was a drop in the hardness value with an increase in hatch spacing.
This can be explained by the relationship between the energy density and the adhesion of
fabricated layers. Increasing the space between the laser tracks (hatch spacing) reduces the
energy density and, thereby, affects the epitaxial solidification. With a lower level of epitax-
ial bonding, the probability of weak adhesion between the layers is higher. Consequently,
this prevents the formation of columnar structures [68]. It has been revealed that there is a
strong correlation between the formation of columnar grains and the hardness value [69].
Therefore, a lower hardness value is expected for the sample fabricated with higher hatch
spacing. In terms of scanning speed, as an increase in this parameter decreases the energy
density, the same logic discussed before can be used. A higher scanning speed value (lower
energy density) results in the formation of shallower pools, and shallower pools, in turn,
lead to weaker epitaxial solidification. Thus, a weak adhesion between layers leads to a
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lower hardness value. Since the relationship between laser power and energy density is
linear, the opposite is true for the effect of laser power, as observed in the results.

4.2. Modeling of Experimental Data and Results

The input data were collected from the previous experimental study [24], which
investigated the impact of processing parameters (LP, SS, HS) on the surface quality of the
printed samples. Therefore, this part discusses the results of the ANN modeling process as a
prediction tool, estimating two outputs—sample height and surface hardness. The archived
results are based on the MLP neural model, in particular with the application of the BP
and LM algorithms for the modeling of both input and output data in the experimental
study. The modeling results were obtained based on the coefficient of determination (R2)
assessment, so that they demonstrated the linear correlation between the calculated and
the observed data based on a statistical approach.

Figure 4 illustrates a comparison between the measured and predicted sample heights
in both training and testing phases. As can be seen, these graphs depict the best fitting
line for the desired and calculated data sets based on the predefined network model and
hidden layers.
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In the following, Table 3 demonstrates the statistical report of the linear regression
related to sample height. As shown, the lowest R2 values are 0.97912 and 0.97525 for the
training and testing phases, respectively. These values are very close to 1, which shows
that the correlation of determination for the testing set proves the accuracy of the achieved
results and the capability of the applied algorithms in this study.

Table 3. The statistical report of the linear regression in the training and testing phases (height).

Statistical Parameters Training Testing

Residual sum of squares 7.26732 3.59455
Pearson’s r 0.98951 0.98755

Coefficient of determination (R2) 0.97912 0.97525
Adj. R-squared 0.97704 0.96907

The same model was applied for predicting the hardness (top) value of the printed
IN718 samples. Linear regression analysis was employed to determine the R2 value for the
ANN model. Figure 5 illustrates the relationship between the experimental and predicted
data and, as can be seen, the R2 value is close to unity, which, therefore, proves the
capability of this model for predicting the output data set in this study. The statistical
report of these graphs is in Table 4, and it shows that the R2 values for the training and
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testing phases are 0.96246 and 0.95839, respectively. Accordingly, the MLP model indicates
a very good fitting with the experimental results for each training and testing phase.
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Table 4. The statistical report of linear regression in the training and testing phases (hardness top).

Statistical Parameters Training Testing

Residual sum of squares 0.41591 0.96734
Pearson’s r 0.98102 0.97897

Coefficient of determination (R2) 0.96241 0.95839
Adj. R-squared 0.95865 0.94452

The scatter diagrams in Figure 6 demonstrate the trends of sample height (left) and
surface hardness (right) related to the testing samples. It is obvious that the correlation
between the measured and predicted results is very close, and the statistical reports also
proved this previously.
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5. Conclusions

The potential of the neural network model for predicting the output data in the LPBF
of an IN718 superalloy was studied. The samples were fabricated by different process
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parameters, designed based on the DOE approach. Analysis of the sample height and
surface hardness of the printed IN718 samples led to the following observations:

• As observed in both SS–LP and HS–SS diagrams, the scanning speed played a sig-
nificant role in the accuracy of the sample height dimension, with a higher scanning
speed (lower energy density) resulting in a lower sample height.

• Hatch spacing had a substantial impact on the surface hardness of the samples, with
an inverse relationship being found for these parameters.

• The ANN model, consisting of three inputs (LP, SS, HS) and two hidden layers, was
employed to predict the height of the samples. Comparison between the measured
and predicted sample heights in both training and testing phases proved the accuracy
and capability of the applied algorithms in this study.

• By comparing the measured and predicted hardness results, the ability of the proposed
model to predict the output data was confirmed.

• Overall, the results demonstrated a perfect fit between the measured and predicted
data extracted by the model used in this study. The R2 index around 96–97%, achieved
for both sample height and surface hardness, proved the reliability of the proposed
ANN model.

The motivation of this study was to reveal the potential of the neural network model
for predicting the output data in SLM manufacturing of the IN718 superalloy. This ap-
proach can be applied as an effective solution for predicting, controlling, and managing
the input parameters—laser power, scanning speed, and hatch spacing—and can be a
proper alternative to analytical and numerical models. This study employed, in particular,
LM and BP algorithms in order to estimate the sample height and surface hardness of
the printed IN718 samples. The ANN model was trained based on the experimental data,
including both input and output data sets. The predicted parameters were evaluated based
on the mean error approach and, in particular, the coefficient of determination. The results
demonstrated a perfect fit between the measured and predicted data, which proved the
reliability of this ANN model as the R2 index was about 96–97% for both sample height
and surface hardness.
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