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Abstract

Metal 3D printing has gained a lot of attention among industries since it offers a practical solution to
problems rising during manufacturing of parts and components with complex geometry. This is an additive
technology that eliminated several fabrication steps and at the same time reduces material waste during
manufacturing process. However, in all additive manufacturing technologies, the final properties of the
parts are determined by the operational process parameters. In this study, several machine learning
algorithms were examined to characterize the effects of the printing process parameters on relative density,
hardness, yield strength, and tensile strength in manufactured parts. It was possible by using “Big Data”
collected from a large number of previously published articles on application of Laser Powder Bed Fusion
(LPBF) for 3D printing of 316L stainless steel samples. Among different process parameters, laser power,
laser energy density, and scanning speed were proven to have the largest effects directly on physical and
mechanical properties of LPBF processed parts. Six different classification models and five support vector
machine regression-based models were tested to find the most accurate prediction algorithm. To validate
the obtained results from the applied machine learning models, a set of 316L specimens were produced
using LPBF technology using a random set of process parameters. The physical and mechanical properties
of 3D printed samples were tested and compared to the ones those predicted from the optimum models from
machine learning analysis. The results were in great agreement, which shows the high accuracy of the
developed machine learning algorithms in this study.

Keywords: Process parameters optimization; laser powder bed fusion; Machine learning algorithm;
Mechanical properties; Microstructural characterization.

1. INTRODUCTION

Metal Additive manufacturing (AM) technology has found its place as a reliable production technology in
various industries, such as automotive, aerospace, and biomedical. It significantly reduces required
production steps as needed in conventional technologies for manufacturing metallic parts and components
[1-4]. It is a highly efficient method for fabrication of complex metal parts in a single step that requires less
materials due to the possibility of recycling and reuse of waste metal powders and minimizing of scraps

[5]. Conventional casting and other mechanical processing techniques require to undergo several stages of
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North Dakota State University, 105 ABEN, NDSU Dept. 7620, Fargo, ND 58108-6050, USA.



mailto:sulaymon.eshkabilov@ndsu.edu

39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72

processing and the final products are usually needed to undergo a post processing step to be at desired
geometry and properties [1]. However, AM technology is capable of near — net — shape fabrication of parts
with elimination of extra processing stages. In many cases, there is no need for further post processing to
enhance properties of the final products [2]. The capability of manufacturing components with complex
geometry and rapid prototyping are among other advantages of AM technology. The flexibility of AM
technology enables production of fully dense metallic parts and components with high quality [6-7]. Thus,
AM technology is considered as one of the promising methods for manufacturing of small to medium metal

objects with complex shapes and geometries [1-4].

Currently, there are two concepts of AM technology mainly used for commercial production of metals or
metal alloys, which are powder bed fusion, and directed energy deposition processes [1]. While both of
these technologies and their subcategories have their own uniqueness and applicability, selective laser
melting (SLM), a Laser Powder Bed fusion (LPBF)-based technology, is among the commonly used
technologies due to its high dimensional tolerance, high accuracy, good surface condition (roughness), and
larger choices for feedstock materials [1, 8, 9]. LPBF uses high power laser beam to make complicated
metal components by selectively fusing and consolidating the few-micron-thick powder layer [1-2]. After
the rapid cooling of the melted layer, another thin layer of powder is spread over it and this process

continues until the part is built [3-4].

AM technology is widely used to manufacture parts from aluminum, titanium, CoCr alloys, Fe- based
alloys, Ni based alloys, tungsten, gold, and silver [10, 11]. Among these metals, stainless steel 316L is
frequently applied in the biomedical, nuclear, aerospace, aeronautics, automobile, petrochemical, gas, and
marine industries and is versatile due to its high corrosion resistance, oxidation resistance, strength,
toughness, biocompatibility, excellent welding ability, favorable strength ductility synergy, fatigue
resistance, and availability [12-18]. Achieving acceptable density and microstructure by AM for several
alloys are still a challenge. However, LPBF made 316L SS was reported to achieve significant success with
near full density, reasonable tensile properties, and yield strength [13]. The reason for the superior
mechanical properties was attributed to the unique hierarchically heterogeneous microstructure which
comprises refined columnar grains, cellular dislocation tangles, and nano-inclusions [9, 18]. As a result,

extensive amount of studies and experiments are being conducted on the LPBF made 316L SS samples.

1.1. Laser Powder Bed Fusion (LPBF) Process Parameters
The final properties, such as mechanical, thermal, and electrical characteristics of the LPBF fabricated parts,

significantly depend on operational processing parameters. There are several important LPBF processing
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parameters such as laser power, scanning speed, hatching distance, powder size, hatching angle, etc. The
poor choice of processing parameter can lead to the residual stresses in this alloy which can end up forming
thermal cracks and thus lead to failure [1, 19, 20]. Besides, processing parameters also affects the
microstructure, which leads to difference in mechanical behavior as well. Hence, optimization of the
processing parameter is an important factor for achieving high mechanical properties for LPBF made 316L
SS. Many studies have been done on the optimization of process parameter for LPBF processed material
including 316L SS [5, 12, 14, 15, 16, 17, 21-34]. Multiple parameters are controlled during the AM process
and some important ones are reviewed here. As we know parts are made layer by layer in AM technology
and therefore, the thickness of each layer plays a key role on the building rate, cooling rate, mass transfer,
and heat transfer properties. While increasing the (powder) layer thickness can decrease the manufacturing
time, smaller layer thickness can produce denser parts with better dimensional accuracy. It is important to
manufacture parts with required thickness to provide desired properties, geometry, and performance [35,

36, 37].

Laser power is another important processing parameters and has significant impact on the microstructure,
mechanical, and physical properties. The average grain size was found to be increased from 25 to 65 um
with the increase of laser power from 120 W to 220 W [12]. When the laser power is increased from 129
W to 189 W, yield strength was increased from 265 MPa to 524 MPa and ultimate tensile strength was
reported to be increased from 280 MPa to 647 MPa [38]. The unmelted powder in the voids of the metal
produced at lower laser power is the reason for the inferior mechanical properties [12, 38]. Increasing laser
power leads to a complete melting of powder which leads to denser product at the end. Thus, the mechanical
properties are usually superior at higher laser power [38]. When parts are being manufactured with the
LPBF method, the laser beam is shifted from one scanning strip to the subsequent ones in a two-dimensional
plane for selective melting. The distance between the center of the two subsequent stripes is called hatch
spacing [1]. Hatch distance is also an important processing parameter, as the material property depends on
this parameter. A relative density of 99.9 % and low average surface roughness of 2.68 um can be achieved
by an optimized hatch spacing of 100 um [39]. At the maximum hatch distance of 70 pm the density and
tensile property of LPBF made 316L SS was reported to be highest by Liverani et. al [34].

Scan speed has also been found to have significant impact on the properties of the final product as well and
it is defined as the speed at which the laser scans on the build plate. The tensile properties of Co-Cr-W was
reported to increase until they reach the peak at 700 mm/s, and then start to decrease with the increase of

scan speed [40]. At high and low scanning speed the various kind of defects such as unmelted particles and



106
107
108
109
110

111

112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137

porosity can be induced at each layer due to lack of fusion [1]. Thus, it is important to select the optimized

scanning speed to achieve supreme mechanical property.

Finally, laser energy density (LED) is the most influential parameter in the LPBF process, which depends

on the laser power, scanning speed, layer thickness, and hatch distance according to equation (1) [25].

LED = LP/(v Xt X h) (1)

Where LED is laser energy density in J/mm?, LP is the laser power in W, v is the scanning speed in mm/s,
t is layer thickness in mm, and 4 is the hatching distance in mm. The laser energy density alone plays a
decisive role on the development of desired microstructure and optimum mechanical property during the
LPBF process. Low energy density of 29.2 J/mm® was reported to show discontinuous laser tracks and large
irregular pores in the microstructure [16]. Similarly, at high laser energy density of 233.8 J/mm?®; numerous
pores and cracks were detected in the microstructure [16]. However, at an optimized laser energy density
of 116.9 J/mm? a smooth surface with relative density of 99% could be achieved [17]. The effect of the
microstructure is reflected on the mechanical properties as reported by Cherry et al [26]. It is found that the
lowest amount of porosity was detected at 104.52 J/mm?® among three laser energy density i.e. 41.81 J/ mm?,
104.52 J/ mm?, and 209.03 J/mm? [26]. Hence, the maximum hardness was measured for the material made

at 104.52 J/mm? as well [26].

The application of a mathematical model using regression or a statistical analysis and mechanistic models
to predict mechanical properties and performances of the AM processed parts is an emerging field of
research in AM community [41]. One example of such application is possible by using Fourier heat
conduction equation known as “Part scale heat conduction model”. It is applied in temperature fields of
melt pool and fusion zone geometry to calculate cooling rates of 3D printed metals [41 --44]. Limitation of
this model is that it does not consider the effect of molten metal flow inside the pool that severely reduces
the accuracy of the calculated results. Another suggested model known as “Part Scale Heat Transfer and
Fluid Flow” represent more accurate temperature distribution and deposit geometry since it takes to the
account the effects of molten metal flow inside the pool [45, 46]. Part scale volume of fluid is another
known model for the calculation of molten pool geometrical calculation and temperature- velocity field
which tracks the free surface of the molten pool [47, 48]. However, this model was found to have errors

and disagrees with the experimental results in terms of deposit shape and size [47, 48].
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Several models are established for the prediction of microstructure, nucleation, and grain growth. TTT-
based models (TTT diagrams provide the effects of time and temperature on microstructure development
of an alloy at constant temperature), continuous cooling transformation-based models, Johnson- Mehl-
Avrami models, Monte Carlo method, cellular automata, and phase field model are example of such models,
which deal with the prediction of microstructure, nucleation, and grain growth [49-56]. There is finite
element analysis-based model as well for the calculation of residual stresses and distortion [57, 58].
Although these mechanistic models are effective simulation tools to get insight of the AM processed parts,
they all have some limitations in prediction of properties with high accuracy. The main challenge of these
models is addressing the full extent of the process and parts in a mathematical format. This challenge is
usually undertaken by considering the most important physical process and ignoring the least important
ones. As a result, the models lack accuracy. In addition, these mechanistic models need an extensive amount
of understanding of underlying physical mechanisms, significant computational resources, and they are

complex.

1.2. Machine Learning Concept

Machine Learning has recently gained a lot of attention as a modelling tool for clustering, classification,
prediction, and pattern recognition of large data sets in various domains of science and technology [59, 60].
Machine learning comes into play when a known mathematical derivative or formula, such as fit and
regression models, fail to provide accurate results. In this method, a large data set is used as variables for
several numerical predictors to extract outcomes as categorical and numerical response variables. There are
mainly two dominant methods of machine learning, which are known as supervised and unsupervised
learning approaches. These methods are built based on different algorithms, such as k-means, k-nearest
neighbors, dendrogram, linear discriminants, support vector machines (SVM), classification trees, Naive
Bayes, AdaBoost (Ensemble Learning and Boosting), etc. [60]. Each of these algorithms work with high
accuracy in specific condition and none of them is considered as a global solution, which can be used in all

cases for application of machine learning [60].

As opposed to the mechanistic models, machine learning requires less mathematical formulations and
models to build a model that predicts or classifies data. The machine learning can employ results from a
large number of data (Big Data) and combine the effects in a logical manner to establish a relationship
between input data and response (output). It has several advantages over the classical statistics and simple
regression models when the accurate prediction of the responses is the main focus and when dealing with
unwieldy data [61]. Machine learning uses minimal assumption and is fairly effective even when dealing

with data from uncontrolled experimental design and having complicated nonlinear interactions [61]. In
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addition, machine learning is capable of taking up various features as predictor variables and solving several
problems of mechanistic models simultaneously; for instance, to simulate temperature, velocity fields,
cooling rates, and solidification, and it does not require complex mathematical formulations to model and
predict the response variables in AM processed metallic parts [41]. By application of machine learning
algorithm models, it is not only possible to explain the evolution of the microstructure, defects, and
properties of AM parts due to the chosen process parameters and the thermophysical properties of the

feedstock material but also to predict the final properties of the processed AM parts [41].

Therefore, the applications of machine learning algorithms could be an alternative solution to the problem
of the optimization of the process parameter in AM. In recent years, machine learning tools have been
applied in many engineering optimization and prediction problems. There are many studies where machine
learning algorithms were found to be very efficient and highly accurate in classification, clustering, and
predicting the response variables [41, 59-61]. Several studies have been performed to utilize machine
learning in correlating process parameters of additively manufactured parts with their quality, and

consequently prediction of the performance of 3D printed metallic parts.

Machine learning algorithm has been explored to optimize process parameters of AM technology to
improve “on-site” and “layer-wise” control of the AM part. Silbernagel et al. used a machine learning
algorithm to correlate the onsite images of scan tracks and images of copper test specimen made by “laser
powder bed fusion” technology to its process parameters, and based on the correlation between the images
and process parameters, the optimized process parameters were described [62]. Similarly, Caggiano et al.
applied a machine learning model based on a bi-stream deep convolutional neural network (DCNN) to
characterize layer-wise images of SLM processed Inconel 718 powder, and based on the characterization,
defects were predicted by the machine learning algorithm [63]. The developed machine learning model was
able to detect the defects in SLM layers with accuracy as high as 99.4% [63]. In addition, machine learning
based algorithms have been used for the development of process map for AM processes. For example,
Aoyagi et al. used a support vector machine learning approach to develop a process map for predicting the
effective process condition for a CoCr alloy made by an electron beam powder bed fusion process [64].
They reported that the process map they developed using the SVM was able to reduce the number of

experiments necessary to achieve an optimized process condition [64].

Compositional grading has been characterized with respect to process parameters using machine learning
algorithm, as well. Rankouhi et al. applied machine learning to determine the process parameters for

compositional grading of 316L-Cu multi-material, and their model provided insight about the underlying
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mechanism behind the nonlinear behavior between process parameters and material composition [65]. In
addition, they reported that laser power and laser scanning velocity had the most influence on the part
density and surface roughness using multivariate Gaussian process model with an averaged mean absolute
prediction error of 1% for density prediction and 47.6% for surface roughness prediction [65]. Machine
learning algorithms have also shown promise in optimizing surface characteristics and dimensional
accuracy. Cao et al. proposed a data driven Kriging model to build a relationship between key process
parameters and the surface roughness and the dimensional accuracy of the laser powder bed fusion
processed 316L stainless steel [66]. Moreover, they used a whale optimization algorithm to obtain the
optimal surface roughness and dimensional accuracy [66]. Another study on the optimization of surface
texture was performed by Ozel et al., using neural network-based machine learning methods for nickel
alloy (625) material processed by LPBF. They tried to develop a predictive model and alsoestablish a
relationship between LPBF process parameters, such as energy density, scan strategy, and the surface
texture [67]. Khanzadeh et al. developed a porosity prediction model using supervised machine learning
for AM parts, where a relationship between melt pool and microstructural characteristics [68]. Barrionuevo
et al. applied seven supervised machine learning regressors (support vector machine, decision tree, random
forest, gradient boosting, Gaussian process, K-nearest neighbors, multi-layer perceptron) to predict the
relative density of SLM processed 316L SS [69]. The multi-layer perceptron showed the best performance
with R? of 0.6050 and K-nearest neighbors exhibited the worst performance with R? of 0.4851 [69]. In
addition, Aboutaleb et al. applied multi-objective accelerated process optimization (m-APO) methodology
to obtain maximum relative density and elongation-to-failure of SLM processed Ti-6Al-4V [70]. The
application of proposed optimization process resulted in 51.8% reduction of experimental run times in

contrast to an extended full factorial design of experimental algorithm [70].

Tensile properties of AM parts have also been predicted by machine learning algorithms. For example,
Hertlein er al. utilized a Bayesian network to relate the process parameters such as laser power, scan speed,
hatch spacing, and layer thickness with the part quality (density, hardness, top layer surface roughness, and
ultimate tensile strength) of a SLM processed 316L SS [71]. In contrast to the final tensile properties of
AM parts, Muhammad et al. focused on predicting the evolution of plastic deformation during tensile
loading using machine learning [72]. Here, they proposed a machine learning based artificial neural network
for predicting the evolution of local strain distribution, plastic anisotropy, and failure during tensile
deformation of AlSi10Mg alloy processed by selective laser melting [72]. Some researchers have combined
the machine learning algorithm with a conventional mathematical model to develop new optimization
methodology. For example, Zhan et al. developed a new method by combining machine learning and

continuum damage mechanics to predict the fatigue life of additively manufactured aerospace alloys [73].
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They observed that a random forest model predicted fatigue life for the AM SS316L, TiAl6V4, and
AlSi10Mg samples better than an artificial neural network, and the MAE of random forest and artificial
neural network models were respectively 0.242 and 0.537 [73]. Zhang et al. also predicted fatigue life using
machine learning algorithm, and they applied neuro-fuzzy-based machine learning approach for developing
a predictive model that was able to predict the high cycle fatigue life of laser powder bed fusion processed

316L SS with an overall RMS error range from 11% to 16% across the datasets [74].

Although a wide range of studies are observed on the application of machine learning in additively
manufactured metals, it seems that the studies that used process parameters to predict properties and
performance of SLM processed 316L SS were not sufficiently efficient and accurate. In general, the
majority of the researches in this area tried to develop a model to establish a relationship between the part
characteristics, such as density, hardness, surface roughness, and tensile strength, with process parameters,
such as laser power, scan speed, and hatch spacing. While there was significant improvement in establishing
such relationship but the results from the application of the machine learning approach were not highly
successful. One of the reasons behind the model’s low accuracy was attributed to both the possibility of the
non- manufacturability of the data set and the n-dimensional convex hull, which has a low prediction
accuracy for the input variables outside the convex hull. In another optimization study based on machine
learning approach, the algorithm was based on a theoretical foundation that related the microstructural
features to the solidification mechanism and it was obvious that prediction based on this model was only
applied to ideal solidification condition. The accuracy of some models was also under question due to the
inconsistency in the use of the data for the optimization of the process parameters. Besides, none of the
published literature on the application of machine learning algorithms on SLM processed 316L SS
considered the optimization of yield strength using the process parameters. Moreover, to the best of the
knowledge of the authors, there is no literature that explores extensively the validity of supervised and
unsupervised learning algorithms with classification and regression machine learning routines to locate
optimal values of ultimate tensile strength, yield strength, relative density, and hardness. To this end, this
study is novel due to achievement of high accuracy in optimization of process parameters. The present
study is also unique in terms of predicting the yield strength of SLM processed 316L SS in addition to the

other properties.

1.3. Aims and Scope
As mentioned before, there is no available literature in machine learning algorithm applications to predict
end mechanical properties of SLM printed 316L. SS metal parts with high accuracy by proposing and

comparing performances of supervised and unsupervised learning routines and models. There is no study
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on predicting the yield strength of the SLM processed 316L SS using machine learning approach. This
study used a new method to apply a few machine learning algorithms and models with optimized parameters
using training and testing data to predict the end product properties with very high accuracy. The scope of
this paper is to study applicability of the machine learning’s classification and regression algorithms, such
as dendrogram, kNN, ensemble, and SVM with optimized hyper parameters, kernel functions, and k-fold
validation options. Literature reviews on the effects of the processing parameters on the microstructural
compositions and mechanical properties of LPBF processed metallic parts showed that the choice of
optimum parameters is the most crucial step in any AM process. Finding necessary process parameters
leading to predefined (optimized) output material properties saves a significant amount of energy,

manufacturing costs, and time.

Against this backdrop, the current endeavor was to establish a more reasonable machine learning algorithm
based on a reliable and large-scale data set for a broader range of material properties. The aim of the study
was to develop a methodology for the unsupervised and supervised machine learning algorithms to classify
and predict mechanical properties including yield strength of LPBF processed specimens in connection
with the LPBF process parameters based on LPBF manufactured 316L SS data from published literature.
Finally, the accuracy and validity of the proposed machine learning algorithms and models were
experimentally validated by printing several 316L. SS samples with a random set of the LPBF process
parameter values. The physical and mechanical properties of the printed samples were experimentally

measured and compared to those predicted by the developed machine learning algorithms and models.

2. EXPERIMENTAL PROCEDURE FOR VALIDATION RUN

The predictive methodology described in the next section (Section 3. machine learning) was verified using
the real experimental data generated from the LPBF of 316L SS samples. A set of processing parameters
that were close to those recommended by the manufacturer for 316L. SS material was selected for the

validation run in this study. The selected processing parameters are listed in Table 1.

Table 1 Laser powder bed fusion (LPBF) operational process parameters.

Processing Parameters Value
Laser Power (W) 100
Laser Energy Density (J / mm?) 59.59
Scanning Speed (mm/s) 600
Hatch Distance (um) 85
Layer thickness (um) 329
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316L stainless steel powder was used for the LPBF. The powder was manufactured using gas atomization
and supplied by Trumpf (Germany) with a size range of 20- 40 pm. The powder was characterized by a
Gaussian- like particle size distribution. The particle diameter distribution values D10, D50, and D90 are
20.6 pm, 28.3 pum, and 39.5 um, respectively [75].

2.1. LPBF Process

The 3D printed specimens were produced at room temperature and relative humidity of 50 ~ 70 % using a
TruPrint 1000 LMF (TRUMPF, GmbH, Germany) with 200 W TRUMPF fiber laser system, laser
wavelength of 1070 nm, standard beam diameter of 55 um, layer thickness of 10 — 50 um, build rate of 2 —
18 ¢m3/h, standard minimum measurable oxygen level down to 3000 ppm, and the shielding gases
Nitrogen and Argon. The system was equipped with an integrated high- resolution camera and an automatic
image processing function for optimal powder bed process monitoring, which gives the option to a constant
overview of the state of the component and investigate the quality parameters layer by layer. Argon was
used to prevent excessive oxidation during the printing process; simultaneously, the oxygen level was kept

constant to increase the quality of the parts.

The printing process started with filling the powder feed chamber, then the powder re-coater was used to
coat the first layer of powder on the build plate (printing stage), and immediately after that the laser was
applied to melt the powder layer selectively. Once the built plate is coated, the re-coater was used to dispose
the excess powder into an overflow bin, then a new layer of powder was applied uniformly on the printed
surface and the fabrication process continued for the new top powder layer until the part is completed. Three
dog—bone shaped samples were separately printed with a gauge length cross-section of 3.1 mm x 5 mm and
gauge length of 33.7 mm according to ASTM E8/E8M-11, as shown in Fig. 1(a) and Fig. 1(b) [76]. The
alternating stripes laser scanning strategy has been conducted, where the scanning direction was changed
90° from the previous layer after the completion of each layer, as shown in Fig. 1(c). All samples were

printed in the building direction along the Z axis, as indicated in Fig. 1(d).

10
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Fig. 1 (a) LPBF printed 3 dog-bone sample, (b) LPBF made sample with scale, (c) Schematic diagram of
Printing Strategy by alternating scanning direction by 90, (d) Schematic diagram of build direction.

A few studies [3, 22, 29,77, 78, 87] show that besides the process parameters, the specimen building
direction, shield gas circulation speed, and oxygen content may influence the final mechanical properties
of SLM processed specimens. In the present study, only vertically built (direction) specimens are
considered. It was due to the fact that the most of the available data in literature sources that could be used
in this study were from the vertically built specimens. Therefore, to be consistent with the available data to
be used for developing machine learning algorithm and model validation, specimens were built vertically

for experimental examinations in this study.

2.2. Microstructure Analysis

The metallography samples were ground, polished, and etched prior to the microscopic observation. The
etching was done using a solution consisting of HNO; (10 ml) and H>O (30 ml) for 60 seconds, as
recommended by ASTM E407-07 (2015) [79]. Zeiss Axiovert 40 MAT Optical Microscope (Focus
Precision Instruments, Victoria, MN) and JEOL JSM-6490LV Scanning Electron Microscope (SEM)

(JEOL Peabody, MA, USA) were used for microstructural investigations. Grain size and melt pool were
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measured using the linear intercept method according to ASTM E112-13 (2013) [80]. Density measurement
was carried out using the hydrostatic balance principle according to ASTM B 311-17 [81].

2.3. Vickers Indentation

The hardness tests on the LPBF processed 316L SS samples were conducted using a Sun-Tec Hardness
Testing machine under an applied load of 9.8 N for 12 seconds according to ASTM E E384-17 [82]. The
measurements were performed in a plane parallel to the building direction (surface) as well as perpendicular
to the building direction (cross section) of the LPBF printed 316L SS specimens. The results were obtained
from the average of 10 indentations while maintaining a reasonable distance from each other to prevent

work hardening effects.

2.4. Tensile Test

The uniaxial tensile tests were conducted using an Instron 8874 equipment that is a servo-hydraulic power
drive machine equipped with a 250 kN load cell and a 20 Hz sampling frequency. The samples were printed
with a dog bone shape according to the ASTM E8/E8M-11 where the gauge length of the sample was 33.7
mm, the thickness was 3.1 mm, and the width was 5 mm [76]. Tensile tests were carried out with a loading
perpendicular to the laser printing tracks on three LPBF processed samples with a cross head speed of 2.5

mm/min.

3. MACHINE LEARNING

3.1. Machine Learning Implementation Algorithm

In the present study, we have tried several algorithms by providing input data (process parameters) and the
output results (materials properties) were compared in terms of accuracy of predicted response variables.
The machine learning method was implemented using a feedback loop system on six logically inter-linked

steps, as shown in the flow-chart algorithm presented in Fig. 2.

Step 1. Data Collection. Experimental data from reliable literature reported on characterization of LPBF
processed 316L SS samples were collected in this step. Experimental data from reliable literatures were
tabulated and analyzed for consistency before use in this study. It was tried to mainly use data from
vertically built specimens to increase consistency of the results. In conclusion, the experimental data from
sixty-seven literature sources were taken into consideration for the present study. In addition, five process
parameters, namely, laser power, laser energy density, scanning speed, hatching distance, and layer
thickness were evaluated here. It is worth noting that machine type and material quality such as powder

particle size and type can also influence on the final material properties. However, due to the limited
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availability of acceptable data they could not be examined in this study. Before applying machine learning
models, all collected data are sorted and any missing data points were eliminated from the data set.

Subsequently, all response data outliers also were removed completely from the data sets.

Step 2. Data Categorization. The collected data was sorted into two subsets: a) a numerical display format

of input data predictors consisting of process parameters such as laser power, laser density, scanning speed,
and hatching distance and b) output responses consisting of hardness, yield strength, ultimate tensile

strength, and relative density.

Step 3. Data Division. The collected data was split into two sub-groups of model training data and model

testing data (model validation data) using a uniform random data selection function.

Step 4. Model Selection and Implementation. In this step, the model type, machine learning algorithm, and

its initial parameters were selected.

Step 5. Simulation. The selected machine learning algorithm with selected parameters was simulated with
the training data set, and its performance was assessed, and its response prediction accuracy monitored,
taking into account its missed/misclassified responses. This step was an iterative process run for a number
of times (greater than 50) until the chosen model showed no more improvement in terms its accuracy
coefficient of determination (R?), root mean squared error (RMSE), mean absolute error (MAE),
and accuracy in predicting the response values or accuracy reached greater than 85%. The values of

R?, RMSE, MAE, and accuracy were computed from the following equations (2-5):

R*=1- zn:(}’i —fi)z/zn:(yl' - ¥ (2)
i=1 i=1

RMSE = | (i = f)?/n 3
i=1
MAE = |y = fil/n @)
i=1
Accuracy = (Meprrect/Mn) * 100% (5)
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where y; is the observed value, y; is the mean of the observed data, f; is the predicted value, N yprect
number of correctly classified data points, and 7n is the number of total observations. The final parameter
values were stored and recorded to be optimized via an iterative process and k-fold validation. The

Kullback-Leibler (KL) divergence criterion was employed for the selection of the improved model [83].

Step 6. Model Validation. The optimized parameter values from the machine learning developed model
were saved and taken for a cross-validation check with the testing data subset from Step 3. All model

performances, such as predicted response and categories, were analyzed, stored, and reported as results.

Responses:

Numerical Categorical

I{ Step 2 Predictors:
|
|
|
|

N ~
. Array N Array
~ - —— . ,

_____________________________________________ I _
" Stepa 00T B [ N
! P o 4 Y Step3 .
1 |
! Select Model Type: : : :
i Algorithm and | ! Training ! Testing |
: Parameters Lo DATA < > DATA |
\ J 1
N —— _ ____ - S ’
1 A 4 [ R
______________________ N
,7  Step5 l S, 7 Stepb6 N
/ o . . I v
! £ L Model Simulation ] ::
|
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| S
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Fig. 2 Machine Learning model implementation algorithm.
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3.2. Data Collection and Preparation

Operational process parameters and properties from 67 literature sources [5, 8-12, 14, 15, 17, 18, 19, 20-
29, 31, 32, 38, 84- 126] on LPBF processed 316L SS samples were collected and verified in this study. As
it is mentioned in “Step 1” of the previous section, all of the literature considered for the present analysis
was specifically on the SLM processed 316L SS, since limited amount of reports are available on the
application of machine learning on the process- property optimization of SLM processed 316L SS. In
addition, it has been tried to select literatures that were consistent with respect to the reported properties.
A wide range of process parameter values were also considered here to ensure that the present model
globally covers the effect of processing parameters on the properties for a wide variation of material

properties.

More than 170 data sets composed of the LPBF process parameters and the resulted mechanical properties
of the samples were used as the input for machine learning process in this study. As it was mentioned in
Section 1.1, the process parameters with a significant effect on properties of the final product in the LPBF
process were identified as laser power in [W], laser energy density in [J/mm”3], scanning speed in [mm/sec],
hatching distance [mm], and layer thickness [mm]. In addition to the density, mechanical properties such as
ultimate tensile strength [MPa], yield strength [MPa], hardness [HV], and relative density [%] were also

evaluated in this study.

The collected experimental data from the literature varied significantly. For instance, the data for process
parameters were at following ranges; laser power = 50-450 [W], scanning speed = 60 - 3000 [mm/s],
hatching distance = 0.02 - 0.1 [mm], layer thickness = 0.01-0.14 [mm], and Laser energy density = 19.35-
1333 [J/mm?3]. The ranges of final properties of the specimens were: ultimate tensile strength = 178.37 -
751.6 [MPa], yield strength = 148.6- 643 [MPa], relative density = 59.83 - 100 [%], hardness = 163 - 281.3
[HV].

Data collection process: All collected data were preprocessed. There were couple of data points from each

set of data, which were significant outliers which were removed. All data used in model training and
validation were used without any adjustments or normalization. After removing the outliers, the data sets
were split into two sub-sets of data — model training and model validation by selecting the data points using

a uniform random number generator function. Table 2 shows a small sample of the sorted data set from the
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collected data from all the literature sources after initial deduction of overall collected data. After initial

analysis, the sorted data were organized and categorized in the following order:

Predictors: LPBF process parameters: laser power, laser energy density, scanning speed, hatching distance,
and layer thickness; columns 1 — 5.

Responses: Mechanical properties: yield strength, ultimate tensile strength, hardness, and relative density;
columns 6 - 9.

Validation. Finally, to validate the accuracy of the implemented machine learning models, 316L SS samples
were produced from a random set of predicted process parameters. Density and mechanical properties of
printed samples were experimentally measured and compared to those predicted by the machine learning

process in this study.

It is worth mentioning that almost all the literature referenced in this study have not reported all utilized
process parameters (predictor data) used for the LPBF process in their studies, even though it applies to
their investigation on physical mechanical properties (response data). Thus, Table 2 does not include the
same number of data sets for all studied response variables. After the completion of sorting data in a
tabulated format, the collected data were split into two data subsets: “training” and “testing.” In general,
approximately 70-80% of the collected data were used for training and 20-30% of the data were used for
testing. The data selection process for training and testing was conducted using a uniform random
distribution approach. Moreover, while preparing the data for model training and testing, the collected and
sorted data of the process parameters (the predictor variables, namely, laser power, laser energy density,
scanning speed, hatching distance and layer thickness) were analyzed using the principal component
analysis (PCA) to identify the predictor with the highest statistical significance and correlation with other

predictors.
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Table 2 The data obtained from literature for training the model.
Ref Predictors: LPBF process parameters Responses: Mechanical properties
Laser Laser Scanning Layer Hatch YS_ Ver (MPa) UTS_ Ver Hardness, RD (%)
Power energy Speed, Thickness, Distance, (MPa) HV
W) Density, mm/s mm mm
J/mm3
[18] 90 20 1000 0.03 0.15 430.4+11 509.04£3.0 - -
[29] 200 69.4 800 0.03 0.12 589.89+11.86 698.98+23.65 - -
[05] 150 208.33 400 0.03 0.06 489.9+17.2 548.3£18.8 - -
N

[96] 100 70 0.25 0.05 0.114 - - 215.65+10.4 -
[124] 75 156 80 0.1 0.06 - - 21546 -
[112] 180 81.29 357 0.05 0.124 99.63+0.40
[116] 150 600 500 0.05 0.01 92.38+0.63
[5, 8-12, 14, 15,
17,19, 20- 28,
31, 32, 38, 84-
95,97- 111,
113-115, 117-

126]
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3.3. Model Selection

Previously, it was explained that two types of models: (a) supervised and (b) unsupervised, were
implemented by machine learning process and their performances were also compared in this study. The
appropriateness of the implemented models was checked using the Kullback-Leibler (KL) divergence
criterion [83], k-fold cross validation, R?, RMSE, MAE, and accuracy. The KL divergence criterion
measured the distances between the probability distribution of true values (data) and found fit model values
[83]. Several distances, such as spearman, Minkowski, Euclidean, squared Euclidean, cosine, Chebyshev,
city-block (Manhattan), and Mahalanobis distances, were taken into account and computed to cluster the
predictor variable data. The KL criterion is commonly used in validating the appropriateness of a model
[127]. The KL divergence between two models: (a) f (X, 8) and (b) g(X, u), is defined by equation (6) [83,
127].

I(f,g) = j £, B) log(f (X, B)/g (X, )]) dX ©)

where, X is predictor variables (independent variable), § is parameterization of the models f (X, 8), and u
is parameterization of the models g(X, u). Note that in this case, f(X, ) is the truth model (data), and
g(X, ) is the proposed model. The response (dependent) variable values Y are found from the regression

model equations (7) and (8).

1= fX.B) (7N
Y, = g(X,u) (®)

The computed KL divergence was used to compute the Akaike information criterion (AIC) [128] and
Bayesian information criterion (BIC) criterion [129] modified version of AIC from equation (9) and (10),

respectively.

AIC = 2K — 21log[L(2]%)] )
BIC = log(n)K — 2log[L(fi|x)] (10)

where K is the number of model parameters, n is the number of data points (or sample size), [ is an
estimated value of the best parameters found based on the lowest KL divergence criterion in g(X, 1), and
x is the sample data (independent variable) of predictor variables. The performance of the k-fold cross
validation process is shown in Fig. 3. The data is composed of predictors and responses. The initial

predictors were process parameters, namely laser power (LP), laser energy density (LED), scanning speed
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(SSpeed), and responses were the end properties of the LPBF processed parts, namely ultimate tensile

strength (UTS), yield strength (YS), hardness (HV), and relative density (RD).

-1 o I

DATA:
Predictors: [LP, LED, SSpeed]

Responses: [HV, RD, UTS, YS]

Withhold

Testing
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T Cross-validated error

Training
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Fig. 3 Procedures of k-fold validation models [60].

3.4. Unsupervised Learning Models

One unsupervised learning algorithm — dendrogram clustering algorithm was implemented to study the
accuracy of clustering the response variables of the collected data. A dendrogram is a simple hierarchical
clustering algorithm [60] that is generated for either top-down or bottom-up approach. The following

distance calculation methods between data points shown in equation (11 — 17) were taken in dendrogram

and other supervised learning models [130-132].

Euclidean distance ||xj - xk”Z

Squared Euclidean distance ||xj - xk”;

Minkowski distance
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City block (Manhattan) distance ||x; — xk”1 (14)

Chebyshev (Maximum) distance ||x; — xk”OO (15)
16

Mahalanobis distance \/(xj - xk)TC‘l(xj — Xi) (16)

(17)

Cosine distance 1 — x;x;,/ (x]-x]f)(xkx,’()

where x;, x;, are predictor data points at j and k location, € ~1 is the covariance matrix, and p power values.

A special case values of p give the city-block (p = 1), Euclidean (p = 2), and Chebyshev (p = o)

distances.

3.5. Supervised Learning Models

Three supervised learning models: (a) k-nearest neighbors (kNN), (b) ensemble learning decision tree, and
(c) support vector machines (SVM) algorithms [133-136], were implemented in this study. The kNN, one
of the commonly used machine learning algorithms, was implemented with optimized hyper parameters to
classify the response variables using categorical and numerical arrays. The ensemble learning decision tree
algorithm, composed of several decision tree models, was implemented with six different learner functions:
(a) hyper parameter, (b) kNN, (c) tree, (d) linear discriminant, (e) single kNN template, and double kNN
template. Finally, the SVM algorithm was implemented in five different model configurations, namely, (a)
standardized predictor, (b) 5-fold cross validation, (c) Gaussian kernel function, (d) radial basis kernel
function, and (e) polynomial kernel functions, to predict numerical values of the response variables based
on regression. The implemented supervised learning models were trained and validated to classify and
predict the response variables, namely, hardness in [HV], yield strength in [MPa], ultimate tensile strengths
in [MPa], and relative density in [ %] resulted from varying LPBF process parameter values according to
pre-defined six categories (Grade A-F, see Table 3). In the developed machine learning models, the process
parameters are taken as predictors, namely laser power in [W], laser energy density in [J/mm’], scanning
speed in [mm/sec], hatching distance in [mm], and layer thickness in [mm]. In addition, the distances
between the data points were computed using equations (10-16), while performing data classification with

these supervised models.

4. SIMULATION AND DATA ANALYSIS TOOLS
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All developed machine learning models, algorithms, and simulations were carried out using MATLAB
software [137] using its built-in functions, such as Statistics and Machine Learning Toolbox™ and data

analysis tools [137-139].

4.1. Principal Component Analysis of Predictors

As mentioned before, the most effective process parameters that can influence additive manufacturing of
metallic parts are laser power (LP), laser energy density (LED), scanning speed (SSpeed), layer thickness,
and hatching distance (HD) [69, 71]. Moreover, the Equation (1) shows that LED is directly proportional
to LP and inversely proportional to SSpeed, HD and layer thickness. The collected data from the literature
sources show that many researchers specified LED values by incorporating the values of HD and layer
thickness. Many other studies taken the same or similar values for HD and layer thickness. For instance,
about half of the collected data from literature showed that they had used 0.03 mm of layer thickness, and
0.08 and 0.124 mm for HD. In order to find out the influence of all these five input parameters, the principal
component analysis (PCA) of the prepared and arranged data of predictor variables was performed before
starting simulations on the developed machine learning models. The principal components were computed
and compared against the five process parameters as shown in Fig. 4. This graph demonstrates that the five
process parameters are not equally important in terms of their statistical significance on prediction of the
properties of the LPBF processed parts. The most important process parameters were laser power (LP) with
over 80% of variation, a second important one found to be the laser energy density (LED) with about 10%
of variation and similarly, the third important process parameter is the scanning speed (SSpeed) with about
8% of variation. The other two parameters, namely, layer thickness (Layer) and hatching distance (HD)
were insignificant in predicting the properties of the LPBF processed parts. It must be noted that the
statistical significance was found based on the collected experimental data rather than mathematical
significance or calculation of LED, from other parameters. Moreover, the overall working principles of ML
algorithms and routines are based purely on statistical analysis of the input and output data and they are not
based on mathematical derivations or calculations. According to the results obtained from PCA, three input
parameters, i.e. LP, LED and SSpeed, are considered for simulations in this study as shown in Fig. 4.
Therefore, HD and layer thickness were not taken into the account for the model training and validation
steps. In the next step, two types of common machine learning models, which are classification and

regression, were trained and validated.
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Fig. 4 Principal Component Analysis of Predictors.

4.2. Simulation of Classification Models

After sorting all collected data from the literature sources as shown in Table 2, missing data points and
outliers are removed from the data sets. Then the processed data were clustered by employing unsupervised
learning method to identify how many clusters (grade levels) of the response data, which are ultimate tensile
strength, yield strength, hardness, and relative density. There were mostly two or three outlier points in
response data. An example of application of an unsupervised learning algorithm with dendrograms is shown
in Fig. 5 for the response data collected for ultimate tensile strength. The clustering simulation showed six
clusters (six categories) of the response data of ultimate tensile strength using dendrogram analysis with
“Euclidian” distance with 25 leaf nodes and 25% threshold values. The employed unsupervised learning
(clustering approach) model to find out how many sub-groups to consider for classification purposes in the
classification models. The reason for choosing 25 leaf nodes and resulted six clusters (Grade levels) was to
make equal grids and symmetrical distribution of the response data (ultimate tensile strength, yield strength,
hardness, and relative density) collected from the literature sources. The chosen 25 leaf nodes along y-axis
in Fig. 5 show how indices of the data points laying in cluster (Grade A, B, C, D, E, F). The sub-clusters
under Grade B is close to the ones in Grade C. Similarly, Grade D and E are also close to each other. On
the other hand, the distance between Grade A is far from Grade B and C. The distance between Grade D
and E are quite far from Grade F cluster elements. Similar dendrograms were obtained for yield strength,

relative density, and hardness. Each cluster was defined to be one grade.
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665 Fig. 5 Dendrograms of ultimate tensile strength data.

666

667  The classified six categories, such as Grade A —F in a descending order shown in Table 3. These categorized
668  response data were used as a training and testing data sets in simulation of kNN classification model. The
669  classification of the response variables (hardness, yield strength, ultimate tensile strength, and relative
670  density) was conducted using the ranges of values as listed in Table 3.

671

672  Table 3 Created categories of the response data.

Category Hardness, [HV] Ultimate Tensile Yield Strength, Relative  Density,
Strength, [MPa] [MPa] [%]
Grade A 263.1+£10 704 £ 48 602+ 41 96.5+3.5
Grade B 243.1+£10 589 +48 558 +41 93+3.5
Grade C 223.1£10 522 £48 476 £41 87+3.5
Grade D 213.1£10 408 £ 48 394 £41 83.5+35
Grade E 193.1£10 293 £48 312 £41 77+£3.5
Grade F 173 £10 184 £48 148 £41 63.5+3.5

673

674  The k-nearest neighbor (kNN) classification method is one of the simplest supervised learning algorithms
675 that is easy to understand, implement, and execute [83]. The kNN classification algorithm was modeled,

676  trained, and tested with a 10 - nearest number neighborhood and optimized hyper parameters of the kNN
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algorithm with the pre-separated training and testing data. The implemented kNN model using the
optimized parameters reached 100% accuracy after several iterations with the training data, and these
training data was composed of about 80% of the collected hardness data. All misclassified data sets from
the initial iterations of a model training process were used again in the subsequent iterations. In measuring
the distance between the classified data points and true values, Euclidian distance — Eq. (11) was employed.
While optimizing kNN models, 5 to 10 data point k-fold values were used. The found best KNN model from
the training data was validated with the remaining (20%) of the testing data. Fig. 6 shows the confusion
chart of the classified (found) data of hardness with a 100% accuracy. The 100% accuracy was obtained
after several iterations of model training. The accuracy shows how many predicted values of hardness match
with true hardness values given in the source experimental data. The numbers, shown inside blue colored
square cells along the diagonals (Fig. 6), are the number of correctly categorized data points. Classification
(categories) of the predefined Grade value ranges are given in Table 3. As an example, the number 6 in cell
1 (Fig. 6) shows how many hardness data values lie within 173 + 10 HV (Grade F), 12 shows that there are
12 hardness data points are within 193.1 + 10 HV (Grade E), and similarly, 23 shows that there are 23 hardness
values under category D. The grades in Fig. 6 shows along x-axis are predicted class, and the ones along y-
axis are true class. The similar high accuracy was attained for the other data sets of ultimate tensile strength,

yield strength, and relative density, and thus, the results are not shown here.

Grade F 6

Grade E 12

Grade D

True Class

Grade C 6

Grade B 6

Grade A 4

GradeF GradeE GradeD GradeC GradeB GradeA
Predicted Class

Fig. 6 Classification of response variable — hardness with respect to pre-defined six classifications as
listed in Table 1.
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The ensemble tree-based classification algorithm is one of the most powerful supervised learning

algorithms of machine learning. During the ensemble tree-based classification algorithm, numerical

(original) response data were directly used with no predefined classification (Grade A, B, ..., F) similar to

supervised learning models. Six different models of the ensemble tree algorithm were implemented, as

listed in Table 4.

Table 4 Classification models of the ensemble tree-based algorithm.

Model type

Model parameters

Model 1. Hyper-Parameter
Model
Model 2. kNN Model

Model 3. Tree Model
Model 4. Discriminant

Model 5. Single kNN
Template

Model 6. Double kNN
Template

Optimized Hyper Parameters: [Learning Rate = 1, Method = Tree]

Learner: kNN, [Euclidian Distance, kNN=1, Method = Classification, Learning Rate
=1, Method = Tree, N(trained) = 100]

Learner: Tree, [Learning Rate = 1, Method = Tree, N(trained) = 100, N (nodes) =
21]

Learner: Discriminant, [Learning Rate = 1, Method = Tree, N(trained) = 100, method
= pseudolinear]

Learner: kNN Template, [Method = Classification, Learning Rate = 1, Method =
Tree, N(trained) = 100, Learning Template kNN = 5]

Learner: kNN Template, [Method = classification, learning Rate = 1, Method = Tree,
N(trained) = 200, Learning Templatel kNN = 3, Learning Template2 kNN = 9]

The prediction of relative density for LPBF processed 316L SS was conducted using total of 149 data points

from variables extracted for laser power (LP), laser energy density (LED), scanning speed (SSpeed), and

the response of relative density. 70% of the data points were used for training (i.e., 105 data points) and the

rest were used for testing and validation (i.e., 44 data points). The simulation results shown in Fig. 7 and

Table 5 indicated that Model 6 could predict density with accuracy greater than 86% with the smallest error
(ERROR, MAE, RMSE) using collected data for LP, LED, and SSpeed.
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712
713 Fig. 7 Classification of the relative density of LPBF processed 316L SS samples using Ensemble tree-
714 based classification algorithm with six different model configurations.
715
716  Table 5 Relative density prediction via classification models.
Assessment Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Parameter
Accuracy ~50% ~50% ~70% ~10% ~10 ~86%
ERROR 0.1571 0.2571 0.1524 0.7524 0.2000 0.1364
MAE 1.8059 2.3348 2.3008 3.0388 2.8909 0.4932
RMSE 0.0276 3.4418 4.0033 4.6017 41117 1.5156
R? ~0.95 ~0.95 ~0.95 ~0.95 ~0.99 ~0.99
717
718  Fig. 8 and Table 6 present the same results from prediction of hardness for LPBF manufactured 316L SS
719  samples using different machine learning models. Seventy percent of the data points were used for training
720 (i.e., 58 data points) and the rest were used for testing and validation (i.e., 27 data points). Again, Model 6
721 demonstrated the highest accuracy (greater than 89%) and smallest error (ERROR, MAE, RMSE) in
722  correctly predicting the response variable values based on the three predictors (LP, LED, and SSpeed).
723
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Fig. 8 Classification prediction of the hardness of LPBF processed 316L SS samples using Ensemble
tree-based classification algorithm with six different model configurations.

Table 6 Hardness prediction via classification models.

Assessment Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
parameter

Accuracy ~10% ~60% ~10% ~10% ~50% ~89%
ERR 0.8615 0.4308 0.2000 0.8308 0.3692 0.1111
MAE 17.1019 18.6704 17.8815 21.0426 17.1009 2.8241
RMSE 0.2188 25.8913 25.6930 26.6266 24.8690 10.0528
R? ~0.95 ~0.95 ~0.95 ~0.95 ~0.99 ~0.99

The simulation results for prediction of ultimate tensile strength of the LPBF 316L SS are tabulated in Table

7 and shown in Fig. 9. Seventy-five percent of the data points were used for training (i.e., 68 data points)

and the rest were used for testing and validation (i.e., 26 data points). Model 6 was the one with the highest

accuracy (greater than 89%) and smallest error (ERROR, MAE, RMSE).
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Fig. 9 Classification prediction of the ultimate tensile strength of LPBF processed 316L SS samples using
Ensemble tree-based classification algorithm with six different model configurations.

Table 7 Ultimate tensile strength prediction via classification models

Assessment

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
parameter
Accuracy ~10% ~60% ~10% ~10% ~50% ~89%
ERR 0.8615 0.4308 0.2000 0.8308 0.3692 0.1111
MAE 17.1019 18.6704 17.8815 21.0426 17.1009 2.8241
RMSE 0.2188 25.8913 25.6930 26.6266 24.8690 10.0528
R? ~0.95 ~0.95 ~0.95 ~0.95 ~0.99 ~0.99

Fig. 10 and Table 8 show the predictions of yield strength from collected data LP, LED, and SSpeed. 70%

of the data points were used for training (i.e., 52 data points) and the rest were used for testing and validation

(i.e., 21 data points). It should be noted that among all collected data sets from the literature, the number of

reported data for the yield strength was significantly lower than the ones available for relative density,

hardness, and ultimate tensile strength. The analysis of data using machine learning resulted in prediction

of yield strength and Model 6 again demonstrated the highest accuracy (>85%) with smallest error margins

(ERROR, MAE, RMSE). Table 9 shows the optimal process parameters found from the classification model

6 for the highest response variables. It is interesting to note that the optimized laser energy density values

fall between the range of ~40- 150 J/mm?3, which was reported to be an optimized range for achieving

superior properties for a SLM processed 316L SS [140- 142].

28



750

©

o

2

=)

>

C

2

n

h)

Q

>

100 - © True Values —<— Model 4 |
—>—— Model 1 —-~%—--Model 5
Model 2 /A Model 6
0 . —-—--Model 3 ‘ . |
2 4 6 8 10 12 14 16 18 20

751 Number of Data points
752 Fig. 10 Classification prediction of yield strength of LPBF processed 316L SS samples using Ensemble
753 tree-based classification algorithm with six different model configurations.
754

755  Table 8 Yield strength prediction via classification models.

Assessment Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
parameter
Accuracy ~10% ~10% ~10% ~30% 30% ~85%
ERR 0.8615 0.4308 0.2000 0.8308 0.3692 0.1111
MAE 17.1019 18.6704 17.8815 21.0426 17.1009 2.8241
RMSE 0.2188 25.8913 25.6930 26.6266 24.8690 10.0528
R2 ~0.95 ~0.95 ~0.95 ~0.95 ~0.99 ~0.99
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Table 9 Optimal process parameters found via classification model 6 according to highest response variable

values.

LP, [W] SSpeed, [mm/s] LED, [J/mm?3] Ultimate Tensile Strength, [MPa]
Experimental Model 6

195 1083 125.42 751.6 751.6
Yield Strength, [MPa]
Experimental Model 6

200 950 87.719 643 643
Hardness, [HV]
Experimental Model 6

160 1000 76.19 250 250
Relative Density (%)
Experimental Model 6

192 1000 914 100 100

Most appropriate parameter values of all classification models were found using a trial and error approach.

4.3. Application of SVM Models

Five different support vector machine (SVM) regression algorithm models, listed in Table 10, were also

employed to predict the numerical values of the response variables, i.e., relative density, hardness, ultimate

tensile strength, and yield strength of LPBF processed SS 316L.

Table 10 Different SVM algorithm models used in this study.

Model type

Model parameters

Model A. Standardized Predictor

Model B. 5-Fold Cross Validation
Standardized Predictor Model

Model C. Gaussian Kernel Function
model

Model D. RBF Kernel Function

Model E. Polynomial Kernel Function

Standardized Predictors, Solver: Sequential Minimal Optimization
Algorithm [143]

Standardized Predictors, 5-Fold Cross Validation, Solver: Standardized

Kernel Function: Gaussian, Cross Validation Partition: 15, Solver:
Standardized

Kernel Function: Radial Basis Function, Solver: Standardized

Kernel Function: Polynomial, Solver: L1 — Quadratic Programming
(L1QP) [144]

The simulation from the application of five different types of SVM algorithm models to predict relative
density of LPBF 316L SS samples are shown in Fig. 11 and Table 11. Model E demonstrated the highest
accuracy (R? = 0.98) and smallest error margins (Error, MAE, RMSE).
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Fig. 11 Regression model prediction of relative density of LPBF processed 316L SS samples using SVM
regression algorithm with five different models.

Table 11 Relative density prediction using regression models.

Assessment Model A Model B Model C Model D Model E
parameter

ERROR 3.6240 40814 3.5648 2.1569 1.9973
MAE 1.4374 1.5433 1.4136 0.9587 0.9313
RMSE 1.9037 2.0202 1.8881 1.4686 1.4133
R? ~0.95 ~0.95 ~0.95 ~0.98 ~0.98

The hardness results obtained from application of SVM models indicated that Model C and E were capable
of finding response values of hardness with highest accuracy (R? = 0.99) and smallest error margins

(Error, MAE, RMSE), as shown in Fig. 12 and Table 12.

31



789

790
791

792

793
794
795
796
797
798

260

250

- ] [
w o =
o o o

Hardness values, [HV]

-
oo
=]

170 .
@ True Values —B— Model C
— =— -Model A — = —-Model D 7

—-=£—--Model B —-4—--Model E
150 ! :

5 10 15 20 25
Number of observations

160

Fig. 12 Regression model prediction of Hardness values using SVM regression algorithm with five
different models.

Table 12 HV prediction via regression models.

Assessment parameter Model A Model B Model C Model D Model E
ERROR 337.8061 377.8964 307.5434 186.1893 144.3593
MAE 14.2539 15.3165 13.2390 9.3246 6.8986
RMSE 18.3795 19.4396 17.5369 13.6451 12.0150
R? ~0.95 ~0.95 ~0.95 ~0.98 ~0.99

Five different types of SVM models were also used to predict the ultimate tensile strength of LPBF
processed 316L SS using data sets for LP, LD, and SSpeed process parameters, and the results are shown
in Fig. 13 and listed in Table 13. Here, both Model D and Model E predicted the ultimate tensile strength
with high accuracy (R? = 0.95) and small error (Error, MAE, RMSE).
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800 Fig. 13 Regression model prediction of ultimate tensile strength values using SVM regression algorithm
801 with five different models.
802

803  Table 13 The ultimate tensile strength prediction via regression models.

Assessment

Model A Model B Model C Model D Model E
parameter
ERROR 22917 23838 11772 7238 7469
MAE 151.3840 154.3970 108.4993 85.0783 85.4227
RMSE 113.6654 115.9051 78.8534 58.2736 60.1108
R? ~0.92 ~0.9 ~0.95 ~0.95 ~0.95

804

805 SVM models were used to predict yield strength of LPBF manufactured 316L SS and the results are
806  presented in Fig. 14 and Table 14. Again, Model D and Model E demonstrated highest accuracies (R? =
807 0.95) with the smallest error margins (Error, MAE, RMSE).
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Fig. 14 Regression model prediction of yield strength values using SVM regression algorithm with five
different models.

Table 14 The yield strength prediction via regression models.

Assessment Model A Model B Model C Model D Model E
parameter

ERROR 14709 15587 5127 2878 3141
MAE 89.2092 93.1940 53.1256 37.7942 36.1886
RMSE 113.6654 115.9051 78.8534 58.2736 60.1108
R? ~0.92 ~0.91 ~0.95 ~0.95 ~0.95

Table 15 shows the optimal process parameters found from SVM regression Model E with respect to highest
response variable values (ultimate tensile strength, yield strength, hardness, and relative density).
According to SVM regression model E, the optimized laser energy density values fall between ~ 40-150
J/mm?3 of optimum value ranges reported in literature [140-142]. The present optimized laser energy
density values also support the experimental observation where it was reported that SLM processed 316L
SS had higher porosity content at laser energy density, which was lower or higher than the optimized range
of ~40-150 J /mm3 [140-142]. At lower laser energy, powder particles remained un-melted, and thus the
porosity content became high. At higher laser energy density, excessive melting caused the formation of

defects, such as keyholes, and thus the porosity content became high. Between the optimized range of ~40-
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150 J /mm3, the porosity content was reported to be lowest, and thus highest relative density was achieved

at this optimized range [140- 142].

Table 15 Optimal process parameters found via SVM regression Model E according to highest response
variable values.

LP, [W] SSpeed, [mm/s] LED, [J/mm?3] Ultimate Tensile Strength, [MPa]
Experimental Model E
195 1083 125.42 751.6 704.3883
Yield Strength, [MPa]
Experimental Model E
195 1083 125.42 637.9 573.40
Hardness, [HV]
Experimental Model E
90 770.55 58.4 240 237.99
Relative Density (%)
Experimental Model E
380 1500 101.33 99.825 99.606

Most adequate parameter values of all SVM regression models were found using a trial and error approach.
4.4. Validation of the Models using Experimental Results

As it was indicated from the results, Model 6 of classification prediction algorithm (Section 4.2) and Model
D and E of SVM regression algorithm (Section 4.3) of machine learning provided results with highest
accuracy using data from literature for model training and testing. To validate the accuracy of these models
in real conditions, a set of random process parameters was selected to print several samples using LPBF
technology in this study. Mechanical and physical properties of LPBF processed samples were measured
experimentally and compared to the ones predicted using the optimum machine learning algorithm (Model
6 of classification algorithm and Model D and E of SVM regression algorithm) in this study. The details of

experimental procedure have previously explained in Section 2.

Fig. 15 (a) illustrates an etched cross section of LPBF processed 316L SS sample, which was observed in
this study. The typical microstructure of a 3D printed metallic material containing semi-circular melt pools
was clearly observed in this optical micrograph. The melt pools shown in Fig. 15 (a) formed in parallel to
the printing direction, as indicated earlier in Fig 1 (d). These overlapped microstructural features (melt
pools) indicated solidification of a high-density material resulting from the LPBF process. In Fig. 15 (b),
an SEM micrograph showed an indentation on the un-etched cross section of the 316L SS sample produced
in this study. A typical ductile deformation due to loading during indentation test was observed in this

micrograph.
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Fig. 15 (a) Optical micrograph of an etched cross section, and (b) SEM image of a Vickers indent on an
un-etched cross section of LPBF processed 316L. SS sample in this study.

Three Stress-strain curves resulted from tensile tests on the 316L samples produced by LPBF technology
in this study are presented in Fig. 16. Important tensile properties, such as elastic modulus, yield strength,
and ultimate tensile strength were obtained for 316L SS samples. Note that the elastic modulus was not

used in this study due to the limited number of available literatures.
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Fig. 16 Experimental stress- strain curve resulted from tensile tests on LPBF made 316L SS.
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The experimentally measured density, hardness, and tensile property of the LPBF processed 316L SS
samples are listed in Table 16 along with those calculated from Model 6 of classification algorithm and

Model D and E of SVM regression algorithm.

Table 16 Comparison of density, hardness, yield strength, and ultimate tensile property of LPBF processed
316L SS with the predicted values from the application of optimum machine learning models in this study.

Properties Measured Value Predicted Value: Predicted Value:
(Classification) (SVM-Regression)
Model 6 Model D or E
Relative Density (%) 98.98 98.98 96.31 (96.66)
Hardness (HV) 221.04 £8.91 220.00 221.30 (211.46)
Yield Strength (MPa) 515450 439.00 515.31 (511.90)
Ultimate Tensile Strength (MPa) 573.82+17.45 573.30 588.59 (556.40)

Model 6 of classification prediction algorithm demonstrated about 99% accuracy in determining relative
density, hardness, and ultimate tensile strength; however, it was less accurate in determining the yield
strength. Similarly, the accuracy of the SVM regression algorithm models—Model D and E—was greater
than 98% accurate in determining the resulted values of hardness, yield strength, ultimate tensile strength,
and relative density. The relatively lower accuracy in determining the resulting yield strength with the
classification model can be attributed to availability of smaller number of reported data sets in literatures
for the yield strength, which could affect the training process and consequently reduced the accuracy of the
model. It is indicated from the performed simulations and validation studies in this study that one
classification algorithm-based model and two SVM regression algorithm models were found to be highly
accurate in determining the end response values (relative density, hardness, yield strength, and ultimate
tensile strength) of LPBF processed 316L SS samples. These highly accurate machine learning models,
whose optimized parameter values were found via iterative simulations, demonstrated that they could work
well with under 100 data samples. It is a very promising result for application of machine learning in

characterization of properties of samples produced by an advanced additive manufacturing technology.

5. CONCLUSION AND RECOMMENDATIONS

Over 170 sets of experimental data for LPBF processed 316L SS samples were collected from 67 literature
sources and analyzed using unsupervised and supervised machine learning algorithms. The collected data
were divided into predictor and response types of data sets. The predictor variables were the LPBF process
parameters, such as laser power, laser energy density, scanning speed, layer thickness, and hatching

distance. The performed principal component analysis of the collected predictor data sets showed that only
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three out of the five predictors had a statistical significance. These are laser power, laser energy density,
and scanning speed, which were implemented to both unsupervised and supervised machine learning
algorithms. The response values, which are the mechanical properties of LPBF manufactured 316L SS,
were predicted and classified by these three predictors. Six different classification models of the ensemble
classification tree algorithm were also implemented in this study. The model with double kNN learning
template with three and nine nearest neighbor data points showed consistently high accuracy (greater than
85%) for all simulated data sets of response and predictor data in predicting the response values according

to the three predictors, which are LPBF process parameter values.

This study also examined application of five different support vector machine (SVM) regression models of
supervised learning algorithms by machine learning to predict the end relative density, hardness, yield
strength, and ultimate tensile strength of the LPBF processed 316L samples. Two of the applied SVM
models with radial basis and polynomial kernel functions performed highest accuracy with smallest error
(deviation), RMSE, MAE, and highest R? ranging from 0.95 to 0.99. Moreover, the validation studies with
the experimental data demonstrated that the optimal SVM models (Model D and E) were highly accurate
in predicting the mechanical properties of the 3D printed samples. To validate the result obtained from
application of machine learning in this study, several of 316L SS samples were manufactured using LPBF
technology. A random set of process parameters was selected to manufacture 316L. SS samples. A series of
experimental tests were performed to measure density, hardness, and tensile properties of the LPBF
processed samples. The experimentally measured properties were very close to the ones predicted by the
optimum classification and regression machine learning algorithm models in this study. The simulations of
the implemented machine learning models using a large number of data collected from the literature resulted
in the high accuracy prediction of characteristics of 3D printed metallic parts, which has not been previously
reported in literature. Finally, this study demonstrates that three different machine learning models (one
based on classification algorithm and two based on SVM regression algorithm) are found to predict

mechanical characteristics of 3D printed 316L SS samples with high accuracy under 100 data points.

While results from this study are very promising, the capability of this technique to be applied as an
industrial tool needs to be examined in more detail in future. In addition, the accuracy of the machine
learning models can be improved not only with a large number of training data sets, but also with more
predictor features. Therefore, future studies will be dedicated to study the influence of the LPBF process
parameters on the micro-structure and cross-property connections using machine learning algorithms along

with artificial neural networks in connection with application of image processing analysis.
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