
applied  
sciences

Article

Directed Energy Deposition-Arc (DED-Arc) and Numerical
Welding Simulation as a Hybrid Data Source for Future
Machine Learning Applications

Jan Reimann * , Stefan Hammer, Philipp Henckell, Maximilian Rohe, Yarop Ali, Alexander Rauch,
Jörg Hildebrand and Jean Pierre Bergmann

����������
�������

Citation: Reimann, J.; Hammer, S.;

Henckell, P.; Rohe, M.; Ali, Y.; Rauch,

A.; Hildebrand, J.; Bergmann, J.P.

Directed Energy Deposition-Arc

(DED-Arc) and Numerical Welding

Simulation as a Hybrid Data Source

for Future Machine Learning

Applications. Appl. Sci. 2021, 11, 7075.

https://doi.org/10.3390/app11157075

Academic Editor: Soshu Kirihara

Received: 30 June 2021

Accepted: 28 July 2021

Published: 30 July 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Production Technology Group, Technische Universität Ilmenau, D-98693 Ilmenau, Germany;
stefan.hammer@tu-ilmenau.de (S.H.); philipp.henckell@tu-ilmenau.de (P.H.);
maximilian.rohe@tu-ilmenau.de (M.R.); yarop.ali@tu-ilmenau.de (Y.A.); alexander.rauch@tu-ilmenau.de (A.R.);
joerg.hildebrand@tu-ilmenau.de (J.H.); jeanpierre.bergmann@tu-ilmenau.de (J.P.B.)
* Correspondence: jan.reimann@tu-ilmenau.de; Tel.: +49-3677-69-3890

Abstract: This research presents a hybrid approach to generate sample data for future machine
learning applications for the prediction of mechanical properties in directed energy deposition-arc
(DED-Arc) using the GMAW process. DED-Arc is an additive manufacturing process which offers a
cost-effective way to generate 3D metal parts, due to its high deposition rate of up to 8 kg/h. The
mechanical properties additively manufactured wall structures made of the filler material G4Si1
(ER70 S-6) are shown in dependency of the t8/5 cooling time. The numerical simulation is used
to link the process parameters and geometrical features to a specific t8/5 cooling time. With an
input of average welding power, welding speed and geometrical features such as wall thickness,
layer height and heat source size a specific temperature field can be calculated for each iteration
in the simulated welding process. This novel approach allows to generate large, artificial data sets
as training data for machine learning methods by combining experimental results to generate a
regression equation based on the experimentally measured t8/5 cooling time. Therefore, using the
regression equations in combination with numerically calculated t8/5 cooling times an accurate
prediction of the mechanical properties was possible in this research with an error of only 2.6%.
Thus, a small set of experimentally generated data set allows to achieve regression equations which
enable a precise prediction of mechanical properties. Moreover, the validated numerical welding
simulation model was suitable to achieve an accurate calculation of the t8/5 cooling time, with an
error of only 0.3%.

Keywords: directed energy deposition-arc; DED-Arc; WAAM; wire arc additive manufacturing; wire arc;
GMAW; gas metal arc welding; wire-based; arc; additive manufacturing; numerical welding simulation

1. Introduction

Additive manufacturing processes for metallic parts is a continuously growing mar-
ket, with a growth of 41.9% in 2018 [1]. The manufacturing of metals includes different
technologies, such as powder bed fusion (PBF) or direct energy deposition (DED). The
difference between these processes is between the form of the deployed material (powder
or wire) and the employed power source (electron beam, laser or electric arc) [2]. These
differentiations not only result in varying near net shape, surface roughness or waviness of
the additively manufactured part, but also in varying build-up rates and productivity of
the used additive manufacturing process.

Directed energy deposition-arc (DED-Arc) can utilize gas metal arc welding (GMAW),
the tungsten inert gas welding (TIG), as well as plasma processes during additive manufac-
turing. In these processes, a layer-by-layer structure is realized by feeding and melting a
wire-shaped filler material. This process enables the generation of undercuts, cavities for
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lightweight construction applications or any cooling channels running in the component
which cannot be produced or can only be produced to a limited extent using conventional
methods (e.g., [3,4]). The GMAW process is particularly characterized by its cost-effective
and robust process technology for additive manufacturing. DED-Arc using the arc GMAW
process can achieve deposition rates of up to 8 kg/h, depending on the material and
component geometry [5–8].

Due to the local inert gas cover, there are no restrictions of workspace size. In addition,
the coaxial supply of filler material makes it possible to work independently of direction.
Therefore, the only limitation of the buildable volume is the handling system. Thus, large
scale components can be produced using the DED-Arc process [6,9]. Though, due to
comparatively large melt pool sizes, the dimensional accuracy and surface quality are
limited. Therefore, subtractive post-processing of the manufactured parts, at least for
functional surfaces, is necessary to meet the required tolerances [5,10,11]. Figure 1 shows
an example of a DED-Arc process chain.

Figure 1. Process chain of additive manufacturing using DED-Arc according to [10].

The additive manufacturing of metal parts has been used in recent years to produce
aerospace parts or for high-performance applications in the energy sector. Thus, nickel-
base alloys [12,13] and titanium alloys [14,15] gained increasing interest in the last years.
Therefore, the development of cost efficient production systems [16] which are capable of
high deposition rates increases the chance for enterprises to enter fields such as architecture
or construction engineering. Moreover, this allows freedom of design for complex 3D-
structures such as architecture or construction engineering [17–20]. Recent investigations
on a variety of materials such as low-alloyed steel [21–24], high-alloyed steel [25,26], hot
work tool steel [27] or aluminum [28,29], in addition to the mentioned titanium and nickel
base alloys, demonstrate the potential of this technology.

The high and recurring energy input during the DED-Arc process causes a complex
thermal profile, residual stress and deformations. Finite element methods can provide the
opportunity to study mitigation strategies for thermo-mechanical problems introduced by
the DED-Arc, such as recurring thermal cycles and distortion, or to provide insights on
the effect of a heat source on thermal behavior. Therefore, these complex interaction can
provide a better method to explain the correlation between thermal cycles and mechanical
properties due to transient data for the whole simulated part [30–38].

Deep learning methods have achieved remarkable success in many fields, such as
computer vision and speech processing. Machine learning algorithms are usually more effi-
cient the more data they have access to, and therefore heavily rely on large data sets [39–41].
Unfortunately for many processes, including DED-Arc, there is only a small amount of
data available to effectively use machine learning methods. In DED-Arc, the sample sizes
are generally fairly low, due to the high amount of time needed for manufacturing, sample
preparation and testing. The labeling of the data is particularly time consuming. Data
augmentation can be an effective tool to enhance the training data size and quality. The
main idea of data augmentation is to generate synthetic data for untested parameter sets to
cover unexplored areas of the parameter matrix [41].
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In Jaeckel et al., data augmentation for machine learning through numerical analysis
was shown to be a viable tool to extend a small data set to a comprehensive database for
semi-tubular self-pierce riveting as a mechanical joining process [42]. Zhang et al. used
data augmentation, such as adding noise and image rotation, to enhance the data set for
training convolutional neural networks (CNN) for online defect detection in aluminum
weld beads in robotic arc welding. Their research showed that they were able to achieve a
classification accuracy of 99.38% [43]. Pu et al. tested different heat source models and their
prediction accuracy of residual stress and deformation in butt-welded joints. It was found
that the moving heat source model matched the measured welding deformation, whereas
instantaneous heat source models had a poor accuracy for the deformation prediction [44].
Rikken et al. demonstrated how data fusion of simulation and experimental data can pro-
vide new insights about residual stress in welding applications. It was shown that accurate
predictions of through-thickness residual stress state is possible, due to the combination of
detailed material research, thermal analysis and sound mechanical simulation of a welding
process [45].

In the introduction it was shown that there does not exist research combining achiev-
able mechanical properties for DED-Arc processes and the use of numerical simulation to
enhance methods of data augmentation to artificially generate a broader training data set.
Therefore, the scope of this investigation is to build the basis for additional research on
data augmentation for machine learning applications for DED-Arc processes to increase the
number of artificial training data sets using transient thermal welding simulations. This
will generate more data of t8/5 cooling times to predict mechanical properties using regres-
sion equations, which are developed with a relatively small experimental data set. With
this novel approach, data from simple wall structures to more complex three-dimensional
ones can be calculated using a validated numerical simulation. This simulation predicts
the properties of complex structures for which it might not be possible to extract samples
for tensile or hardness test.

2. Materials and Methods
2.1. Materials and Additive Manufacturing

The additive generation of sample wall structures were carried out using an GMAW
welding power source “EWM alpha Q 552 Expert 2.0 puls MM” with the energy-reduced
short arc technology “coldArc”. A 6-axis industrial articulated arm robot “Kuka KR150-2”
was used to ensure reproducible torch movement. The samples were generated using the
low-alloyed solid wire electrode DIN EN ISO 14341-A-G4Si1 (ER70 S-6) to generate the
wall structures and S355J2 + N with a thickness of 20 mm as base material (substrate). The
chemical composition of the welding wire and the base material can be seen in Table 1.

Table 1. Chemical composition of substrate [46] and welding wire [47] (%).

Material Cmax Simax Mnmax Cumax Femax

base material S355J2 + N
(1.0570) 0.20 0.55 1.60 0.55 balance

welding wire G4Si1/SG3
(1.5130) 0.07 1.00 1.64 0.05 balance

The wall structures were generated with a length of 300 mm and a height of 160 mm
on a base material plate with 330 mm × 150 mm × 20 mm which was clamped down
on a welding table. The experimental setup (Figure 2) included thermocouples type C,
which were inserted into the molten metal, during the welding process for a transient
measurement of the time-temperature cycle during the additive manufacturing process.
Suitable parameter sets for the additive manufacturing of G4Si1 were found in preliminary
parameter studies [17]. The parameter sets (Table 2) consist of three different energy inputs
per unit length at 4 kJ/cm, 6 kJ/cm and 8 kJ/cm, with the corresponding wall thickness,
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different weld path planning, such as, one, two or three adjacent rows (see Section 3.1) and
a meandering weld path. The adjacent rows and the meandering weld path were welded
with an overlap of 35%. In total, seven resulting parameter sets were investigated further
to determine their mechanical properties and their t8/5 cooling time. Six of them were used
to train the regression equations, and the 8 kJ/cm single welding track parameter set was
used as a test set to determine the accuracy of the mechanical property prediction.

Figure 2. Experimental setup.

Table 2. Parameter sets for additive manufacturing.

Energy Input per Unit Length [kJ/cm] Movement-Speed [m/min] Welding Strategy Interpass Temperature

4 0.4 single track 100 ◦C
4 0.4 double track 100 ◦C
4 0.4 triple track 100 ◦C
4 0.4 meandering 100 ◦C
6 0.2 single track 100 ◦C
8 0.2 single track 100 ◦C
8 0.2 double track 100 ◦C

The chemical composition and the cooling rate primarily determine the mechanical
properties of the weld metal. Temperature cycles in welding are generally characterized
by the time a certain temperature interval is passed through. The characterization by
t8/5 cooling time according to DIN EN 1011-2:2001-05 is commonly used for un- and low
alloyed steel during welding [48,49]. It describes the cooling time in a temperature interval
between 800 ◦C and 500 ◦C of the weld bead and the heat affected zone (HAZ) and has
proven itself in welding technology to characterize the resulting mechanical properties of
the weld metal. This temperature range is decisive for mechanical properties due to the
phase transformation from γ- to α-phase, which can be seen in the changes in hardness
linked to a changing of the t8/5 cooling time (Figure 3) The t8/5 cooling time will show a
quasi-static condition for the cooling time in additive manufacturing of G4Si1, according
to Henckell et al. [50]. Thus, the chosen measurement position for the t8/5 cooling time,
the 40th deposited layer, is suitable for the experimental setup. All t8/5 cooling times were
measured in the middle of the wall structure at the 150 mm length mark. These positions
were chosen to achieve the highest possible significance of the values. The periodic heating
of the additively manufactured structure results in several t8/5 cooling times for each
welding layer; the last completed t8/5 cycle was used for evaluation, as this is the last
complete cycle of the γ- to α- transformation. The t8/5 cooling times were measured using
thermocouples type C and a DAQ system Dewetron DEWE PCI-16.
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Figure 3. Welding TTT-diagram of a chemical comparable material as G4Si1 [51] (translated).

The CAD/CAM program DCAM 2018 from S.K.M. Informatik GmbH was used
to slice the wall structure with meandering path planning, i.e., to break it down into
layers, which makes sequential 2D contour generation possible. The path planning was
created from this. Finally, an integrated post-processor is used to convert the data into the
Kuka programming language. All parallel structures were programmed directly in Kuka
programming language using the robot control panel.

Tensile and Charpy impact samples were taken from additive manufactured wall
structures along and across the build-up direction (Figure 4). In each figure, the sample
number is indicated in the upper right corner with “n = ”. The tensile tests were carried
out using a universal testing machine Zwick 1455 (Figure 5). A cross section for metallo-
graphic preparation and hardness measurement was taken across the whole height of the
additively manufactured wall structures. Cross-sections were measured using a Struers
DuraScan 70 (Figure 5) with Vickers HV1 along the buildup direction with a measurement
spacing of 1 mm. The metallographic samples were prepared using a Buehler Phoenix
4000 V/2 grinding machine. Additional Charpy impact test samples (quarter samples
55 mm × 10 mm × 2.5 mm) were taken to compare the impact work of samples with their
notch in one or between two weld layers. The impact tests were performed using a WPM
PSd 300/150 (Figure 5) with a 150 J hammer.
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Figure 4. Layout of samples for mechanical testing of an additively manufactured wall structure.

Figure 5. Testing equipment for mechanical properties; left: universal testing machine Zwick 1455, middle: WPM PSd
300/150, right: Struers DuraScan 70.

2.2. Numerical Simulation

The numerical welding simulations were carried out in the MSC software Simufact
Welding 2020 with two discrete parameter sets. The 4 kJ/cm single track set was welded,
tested and used to create the simulation model. For validation of the simulation model
and the property prediction, a parameter set with energy input per unit length 8 kJ/cm
was used with a layer height of 2 mm. The numerical welding simulation was carried out
for a wall structure with 300 × 6 × 50 mm, which is in x- and y- direction the same as the
experimental samples. The lower height was a change made to achieve a lower simulation
time. Due to the reduction of simulation time, the 20th layer was chosen for the evaluation
of the numerical simulation. The t8/5 cooling time for all simulations was derived in layer
20 in order to reduce calculation time. As Henckell et al. stated, the quasi-static part starts
in layer 20 for wall structures made of G4Si1 [50]. In one welding layer there is more than
one passthrough of the temperature field of 800 ◦C–500 ◦C. The used t8/5 cooling time
is the last passthrough with a complete austenitization, as in the experiments. The mesh
convergence is demonstrated in Figure 6, the t8/5 cooling time was chosen as a factor to
compare the different mesh sizes. The curves for the three different mesh sizes, 0.5 mm,
1 mm and 2 mm follow the same trend, though shifted in time direction. This shift is
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due to the temperature constraint that the welding process will start dynamically when
all elements have a temperature below 100 ◦C, which differs based on the number of
elements. The t8/5 cooling times were 7.867 s for 0.5 mm, 7.238 s for 1.0 mm and 7.552 s for
2.0 mm. This results in a small difference of 4% between 2.0 mm mesh size to 0.5 mm and a
difference of 4% between 1 mm and 2 mm mesh size. Therefore, the mesh size of 2 mm
was chosen to ensure a short simulation time. Further boundary conditions can be seen in
Table 3.

Figure 6. Mesh convergence for mesh sizes 0.5 mm, 1.0 mm and 2 mm.

Table 3. Boundary conditions for numerical welding simulation.

Boundary Condition 4 kJ/cm Single Track 8 kJ/cm Single Track

Mesh elements hexahedral hexahedral
Mesh size x/z-direction 2 mm 2 mm

Mesh number of elements in thickness direction 3 3
Heat source Goldak Goldak

Heat source front length af 2.5 mm 2.5 mm
Heat source rear length ar 5.0 mm 7.0 mm

Heat source width b 3.45 mm 4.95 mm
Heat source depth d 2.5 mm 3.0 mm
Heat source power 2650 W 2650 W

Heat source movement speed 0.4 m/min 0.2 m/min
Convective heat transfer coefficient h 30 W/(m2 · K) 30 W/(m2 · K)

Contact heat transfer coefficient a 1200 W/(m2 · K) 1200 W/(m2 · K)
Emission coefficient ε 0.8 0.8
Interpass temperature 100 ◦C 100 ◦C

The simulated t8/5 cooling times can be used to calculate the associated mechanical
properties using the found regression equations for each mechanical property.

With the combination of simulated t8/5 cooling times, process parameter and cal-
culated mechanical properties a complete set of training data is generated to be used
in machine learning applications. The simulation, in combination with the regression
equation, can also be used to manually predict mechanical properties of a given three-
dimensional workpiece before manufacturing or testing.

2.3. Data Augmentation Procedure

The data augmentation procedure for the combination of experimental data with
numerically simulated data is as follows. At first, experimental data (Section 3.2) is needed
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to generate the link between t8/5 cooling times and their respective mechanical properties.
Thus, the regression equation between t8/5 cooling time and hardness, tensile strength, yield
strength and elongation at break were calculated. The logarithmic regression equations
were calculated in Microsoft Excel 2019. The natural log of the predictor variable (t8/5
cooling time) and the value of the variable which must be predicted (e.g., tensile strength)
were used in combination with the data analysis function for regressions to calculate
the regression equations. Therefore, the logarithmic regression is based on the linear
regression with a predictor variable which is logarithmized. The numerical simulation
is used to link the process parameters and geometrical features to a specific t8/5 cooling
time. With an input of average welding power, welding speed and geometrical features
such as wall thickness, layer height and heat source size, a specific temperature field can be
calculated for each iteration in the simulated welding process. Thus, a virtual temperature
probe (particle) can be used to generate a time-temperature graph with its resembling
csv file, in which the time and temperature values for the simulated values for virtual
temperature probes can be found. With these, the t8/5 cooling time can easily be extracted.
The regression equations combined with the numerically calculated t8/5 cooling times
are used to predict the mechanical properties of a given parameter set. Regarding this
research, the prediction is made with a fully tested parameter set with a single-track weld
and 8 kJ/cm to verify its accuracy.

3. Results and Discussion
3.1. Experimental Data

An additively manufactured wall structure is shown in Figure 7. The parameter set
with 4 kJ/cm is displayed in this figure. On the left side there is a size comparison of the
different structure widths with one, two and three adjacent weld tracks. The right side
shows a side view of the wall structure with 4 kJ/cm with a single weld track.

Figure 7. Samples of additively manufactured wall structures 4 kJ/cm: (1) single weld track; (2) two adjacent weld tracks;
(3) three adjacent weld tracks.

In order to generate data sets for unknown parameter sets a regression equation in
relation with the t8/5 cooling times is needed for all parameters which should be predicted.
A welding TTT diagram can be used to evaluate the type of regression equation which is
suitable to describe the relation between t8/5 cooling time and hardness. Therefore, the
hardness values and the t8/5 cooling times to create Figure 8 was read out of Figure 3.
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Figure 8. Hardness as a function of t8/5 cooling time (values for hardness and t8/5 cooling time according to the welding
TTT diagram shown in Figure 3).

The t8/5 cooling times and their corresponding hardness values can be used to de-
termine the general form of the regression equation. In Figure 8 a curve with these corre-
sponding values, which were taken from the TTT diagram of G4Si1 in Seyffarth et al. [51],
is shown. Hardness decreases with increasing t8/5 cooling times. For smaller values the
changes in hardness are quite high, but the hardness change is lower for higher t8/5 cooling
times. The change in hardness is due to a differing amount of bainite and ferrite, whereas
the ferrite content increases for higher t8/5 cooling times according to the TTT-diagram in
Figure 3 [51]. Moreover, the increase in t8/5 cooling times leads to a coarser grain structure
and therefore decreasing mechanical properties. The general course of the values shows
a logarithmic character. Therefore, a logarithmic regression equation will be used for all
mechanical properties.

The hardness of the welded structures (Figure 9) decreases with increasing t8/5 cooling
times. Hardness decreases from 200 HV1 at 8 s cooling time to 175 HV1 at 35.1 s, which is a
decrease of 12.5%. This decreasing hardness is due to the formation of lower amounts of
bainite and higher amounts of perlite and ferrite, due to longer cooling times [51,52]. The
measured hardness values fit well in the logarithmic equation within their margin of error.
Therefore, hardness is a mechanical property which could be predicted by interpolation,
even for parameter sets with differing number of weld bead, thicknesses and travel speeds.

In Figure 10 the measured yield and tensile strength and the elongation at break are
shown. They were measured using the tensile samples according to Figure 3. Samples
in buildup direction and across were combined due to a low difference between both
values, as shown in a previous study [18]. The measured tensile and yield strengths are in
the same order of magnitude as stated in [22,47,53–55]. Ghaffari et al. stated that a heat
treatment such as normalization can lead to a change in mechanical properties. Tensile
and yield strengths are decreasing in a similar manner to the hardness with increasing t8/5
cooling times, due to varying proportions [22] of ferrite and bainite and a coarser grain
structure [51,52]. It was observed that the tensile strength decreased and the elongation at
break was increased after normalization. The hardness values are generally linked to the
mechanical strength [55]. The tensile test does not fit as good as the hardness values. This
is probably due to a higher dependency on differing geometric properties and thickness
of the tensile samples. Therefore, a different test methodology might be necessary to
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ensure the good quality of tensile samples. Thus, broader wall structures should not only
be tested with samples in the middle of the wall structure but with more samples over
the whole wall thickness. Figure 10 also displays the elongation at break for the tensile
tests. The measured elongations at break are in the same order of magnitude as stated
in [22,47,53,55]. The elongations at break increase from 31.3% up to 35.7%, with increasing
t8/5 cooling times from 8 s to 35.1 s, which is the inverse relation as between the t8/5
cooling times and the mechanical strength and hardness. This is due to coarser grains and
therefore easier movement of the Taylor dislocations [52]. The values show a good fit to the
logarithmic regression equation, which means the elongations at break could be described
and predicted with knowledge of the t8/5 cooling times.

Figure 9. Hardness as a function of t8/5 cooling time from measured data.

Figure 10. Tensile, yield strength and elongation at break as a function of t8/5 cooling time from measured data.
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In Figure 11 the impact notch test values are displayed. With the correct upscaling of
the measured values from a quarter sample to a full size sample, the impact work is in the
same order of magnitude as stated in Shassere et al. [53]. Though, in this study, no relation
between the impact work and the t8/5 cooling time was found. However, all impact work
values are within margin of error of each other. This is outlined by the dashed lines, which
resemble the average of all impact work values and their standard deviation.

Figure 11. Charpy impact test over t8/5 cooling time from measured data.

3.2. Numerical Simulation

Figure 12 demonstrates the temperature field of the wall structure at the last calculation
step of the 25th welding layer. Figure 13 shows the time temperature cycle for the 20th
layer. In the state of the art, it was demonstrated that it is possible to recreate the thermal
cycles of DED-Arc within the numerical simulation with relative errors below 20%, which
was considered acceptable by the authors [56]. The time–temperature diagrams show a
similar pattern to that in the state of the art [33,35,37,38,56]. The t8/5 cooling time of the
experimental test was 15.94 s and the welding simulation took 16.38 s to pass through the
temperature interval between 800 ◦C and 500 ◦C for the last time. This is a difference of
2.69%, which is a fairly accurate result for a partly validated numerical simulation with an
experimental sample size of one part.

Figures 14 and 15 demonstrate the simulated temperature field and time–temperature
profile of a known sample just used for validation, which was not used to generate the
regression equations. For this simulation, only the welding heat source size, the process
parameters and the wall thickness were changed to match the new parameter set. The
t8/5 cooling time in the numerical simulation took 30.15 s to pass through the temperature
interval between 800 ◦C and 500 ◦C, which is only 0.09 s above the experimentally measured
t8/5 cooling time. The results of the time–temperature diagram are similar to the state of
the art [33,35,37,38,56].
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Figure 12. Temperature field in the welding simulation for wall structure (length 300 mm) and energy input per unit length
4 kJ/cm with layer 25.

Figure 13. Time–temperature cycle for point x in the welding simulation for wall structure (length 300 mm) and energy
input per unit length 4 kJ/cm with layer 25.

Figure 14. Temperature field in the welding simulation for wall structure (length 300 mm) and energy input per unit length
8 kJ/cm with layer 25.
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Figure 15. Time-temperature cycle in the welding simulation for wall structure (length 300 mm) and energy input per unit
length 8 kJ/cm with layer 25.

3.3. Validation of Regression Equation

The regression equations, which are found in Figure 10, were used to calculate the
mechanical properties of the numerically determined t8/5 cooling time for the energy
input per unit length 8 kJ/cm of sample with a wall thickness of 9 mm. The experimental
calculated values and the deviation between them can be seen in Table 4. The deviation in
hardness and tensile strength is just above 1%; for the yield strength it is below 1%. The
elongation at break shows the highest difference with a deviation of 2.6%. As shown, the
calculated values are not very different from the reference sample. In Table 5 the coefficient
of determination (R2) and the corresponding standard error are given. The R2 value is
a measure of how well observed outcomes are replicated by the model. The R2 values
vary between 51.9% and 87.5%. The standard error is dependent on the measured value.
Compared to the average values in each regression the average distance of the data points
from the regression curve is 8.6 (4.8%) for the hardness, 17.74 (3.3%) for the tensile strength,
21.37 (4.9%) for the yield strength and 1.49 (4.5%) for the elongation at break. These are
low deviations considering that relative errors below 20% are considered acceptable for a
numerical simulation [56].

Table 4. Comparison of measured and calculated t8/5 cooling times and mechanical properties.

Sample with Energy
Input per Unit Length 8 kJ t8/5 Hardness HV1 Tensile Strength Yield Strength Elongation at Break

Experimental values 30.06 s 166.1 507.6 MPa 377.3 MPa 35.3%
Predicted values 30.15 s 168.1 502.1 MPa 380.1 MPa 34.4%

Deviation [%] 0.3 1.2 1.1 0.7 2.6

Table 5. Coefficient of determination and standard error for the regression equations.

R2 Standard Error

Hardness 0.6520 8.60
Tensile strength 0.8445 17.74
Yield strength 0.8752 21.37

Elongation at break 0.5192 1.49
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4. Conclusions

This study has shown that a lower t8/5 cooling time is beneficial to the mechanical
properties of additively manufactured structures made of G4Si1. In DED-Arc it is not
always possible to ensure the same cooling times for the whole additively manufactured
structure due to geometrical constraints, such as a irregular wall thickness, curves, edges
and cross points in a three-dimensional freeform shape. Thus, it is key to approximate
the mechanical properties based on different t8/5 cooling times; moreover, this enables
machine learning algorithms to obtain a much larger amount of data due to the generation
of synthetic data. Therefore, the underlying regression equations of the relation between
mechanical property and t8/5 cooling time are needed. The hardness and t8/5 cooling times
in the state of the art demonstrate the logarithmic relation between them. The results found
in this research can be concluded with the following statements:

• The hardness, tensile strength, yield strength and elongation at break show a logarith-
mic relation with the t8/5 cooling times (Figures 9 and 10).

• Therefore, it is possible to calculate values between the given data points by using the
regression equations Figures 9 and 10.

• The impact work was the only mechanical property tested in this research with no
obvious relation to the t8/5 cooling times (Figure 11).

• The numerical simulation was a suitable tool to calculate the t8/5 cooling time (Figure 13)
for a tested parameter set (Figure 15) with a deviation of only 0.3% (Table 4).

• The regression equations have proven to have a high prediction accuracy, with only
small deviations from the measured values of 1.2% for the hardness, 1.1% for the tensile
strength, 0.7% for the yield strength and 2.6% for the elongation at break (Table 4).

Yet, a completely validated simulation model for different parameter sets would
provide even more accurate results. Therefore, a combination of the numerical simulation
and the experimentally determined regression equations can be used as a tool for the data
augmentation. As the given parameter sets were limited in this research, a broader study
would generate more accurate regression equations. In future, a more complete data set
should be used as the basis for regression equations. Parameter sets with higher cooling
times than 35.1 s and lower than 8 s would be needed.
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