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Experiments play a crucial role in additive manufacturing to help researchers develop new materials with
enhanced properties or in several types of process optimization tasks. Design of Experiments (DoE) is a valuable
tool that is efficient, statistically rigorous and offers a systematic approach to experimentation. In this article,
several types of DoE methods such as one-factor-at-a-time (OFAT), full and fractional factorial designs, Taguchi,
response surface methodology (RSM) and descriptive screening designs (DSD) are briefly described in addition
to some single- and multi-objective optimization methods. The optimization methods apply utility theory (UT),
Taguchi and desirability optimization as well as some non-conventional, artificial intelligence-based multi-
objective optimization methods illustrated by examples from the field of additive manufacturing. In the second
part, the potential factors and response variables are reviewed during the investigation of the seven main
categories of additive manufacturing, namely binder jetting (BJT), directed energy deposition (DED), material

extrusion (MEX), material jetting (MJT),
photopolymerization (VPP).
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1. Introduction

In manufacturing technology, several methods are
applied to prepare prototypes, whether for low-volume or
mass production. One of the Ileading modern
technologies for machining parts and products is additive
manufacturing (AM) whereby objects are built layer by
layer, while in conventional manufacturing (CM), the
process typically involves subtractive methods where a
material is removed from a bulk structure.

There are some advantages of AM as opposed to
CM such as design flexibility, complex geometries, the
generation of less waste during the manufacturing
process and its environmentally-friendly nature. On the
other hand, CM is more cost-effective regarding mass
production. The production speed is significantly faster,
a wider range of materials are used, often a better surface
finish is achieved and tighter tolerances. By combining
AM and CM processes, industrial manufacturing
processes are optimized.

According to a standard [1], AM is defined as a
process that builds parts by joining materials layer by
layer using 3D model data. The standard defined seven
process categories for AM are as follows: binder jetting
(BJT), directed energy deposition (DED), material
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extrusion (MEX), material jetting (MJT), powder bed
fusion (PBF), sheet lamination (SHL) and vat
photopolymerization (VPP).

The qualification of technological processes and
components is crucial when describing the behaviour of
examined procedures. The performed experiments and
their subsequent evaluation play crucial roles in scientific
methods, research and decision-making in the
manufacturing industry. Several types of design of
experiments (DoE) exist, starting from the simplest one-
factor-at-a-time (OFAT) method up to the I-optimized
response surface methods (RSM). The evaluation of the
measured data could be followed by visual interpretation,
statistical tests, regression and optimization.

In this article, the experimental design methods as
well as their evaluation and optimization are reviewed
before being explained within the field of AM processes
(Chapter 2). The purpose of this work is to clarify the
steps of evaluation of different procedures as well as
explain the differences between the used DoE methods
and optimization approximations. Choosing appropriate
input or control parameters and response variable(s) for
the investigation of a certain quality is particularly
difficult when experimenting. In Chapter 3, the possible
factors concerning the seven different AM processes are
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Table 1: Abbreviations

AM Additive Manufacturing CM Conventional Manufacturing
BIT Binder Jetting DED Directed Energy Deposition
MEX Material Extrusion MIT Material Jetting

PBF Power Bed Fusion SHL Sheet Lamination

VPP Vat Photopolymerization DoE Design of Experiments
OFAT One-Factor-At-a-Time RSM Response Surface Method
DSD Definite Screening Design CCD Central Composite Design
GA Genetic Al gorilhh GRA Grey Relational Analysis
SIN Signal-to-Noise DOM Desirability Optimization Method
PSO Particle Swarm Optimisation uT Utility Theory

num. numerical optimization GWO Grey Wolf Algorithm

collected separately and the frequently used response
variables illustrated by examples from recent AM
research. The abbreviations used in this article are
presented in Table 1.

2. Experiments, modelling and
optimization

Investigations in the field of AM consist of several
important parts such as experimentation, designing an
appropriate part and mathematical evaluation of the data.
The purpose of AM research could be to improve the
quality of a process by carrying out experimental work.
Numerous parameters can affect the quality of an AM
process. By applying a DoE approach, the expense and
duration of experimental work could be decreased
significantly. Initially, the main goal of parameter
screening, that is, describing the process mathematically,
optimizing factors or process robustness, must be defined
[2].

The flowchart whereby the AM process is examined
is shown in Figure 1. The Design of Experiments -
Experimentation - Evaluation of Data - Optimization
(DoE-Exp-Eval-Opt) process can reveal the main
elements of the work and provide an opportunity to
clarify the main purpose of the investigations or research.
The first main step of the research is to design the
experimental work. It can be stated that "all experiments

are designed experiments, it is just that some are poorly
designed, and some are well-designed" [2],[3]. To
investigate the behaviour of a certain process, the effects
of the so-called input parameters as well as the
controllable and uncontrollable factors influencing the
output of the process must be examined. It is important
to define all the response variables and factors as well as
their levels carefully before performing experiments. The
different experimental designs are described in
Chapter 2.1.

The second main step when examining AM is
experimentation itself. The selection and creation of the
design [4]-[6] is followed by the AM of the specimen.
Response parameters should be measured properly. The
quality and validity of the data play important roles
during AM. Some examples from the metrology of AM
parts are presented [7]-[11].

The next step is the evaluation of data (Figure I).
Data visualization helps scientists understand and
interpret information more effectively [12],[13].
Statistical analysis of the data allows the effects of the
factors on the experimental results to be investigated and
characterized. Methods are available from the simplest
two-sample hypothesis tests up to the more advanced and
complex hypothesis tests. In Chapter 2.2, some
frequently used tests to evaluate statistical data are
shown. If the AM process must be described by
mathematical methods, linear or nonlinear regression
analysis might be most suitable.

Optimization is the last optional step of the DoE-
Exp-Eval-Opt process when examining AM. Several
methods are found in the literature for single or multi-
response optimization of manufacturing processes, a few
of which are detailed in Chapter 2.3. Within the
following subchapters, the citations from a particular
DoE method concern the practice of AM. The DoE
methods according to AM technologies are presented in
Chapter 3.

Design of

experiments

* Definition of response
variable(s)

* Definition of factor(s)

* Experimental design

Figure 1: Main steps during AM examinations - the DoE-Exp-Eval-Opt process
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2.1. Experimental designs

In this chapter, the most commonly used methods for the
experimental design of AM technologies are described.
Researchers often use this selection of methods to tailor
their experimental settings, even if further mathematical
equations and the optimization of a process are
unnecessary. Five main categories of the DoE are briefly
defined. The mathematical modelling of these designs is
found in Chapter 2.2.

One-factor-at-a-time (OFAT)

One experimental strategy that is extensively applied is
the OFAT approach [2]. The OFAT method consists of
selecting a starting point, or baseline set of levels, for
each factor before successively varying each factor over
a particular range while keeping the other factors
constant at their baseline levels [14],[15]. Once all the
tests have been performed, a series of graphs are usually
constructed showing how the response variable is
affected by varying each factor separately while all the
other factors are kept constant. The purpose of this
approach is to investigate the impact of individual factors
on a process without having to consider potential
interactions between factors.

The OFAT method is suggested to be used during
pre-experiments. Pre-experiments can play an important
role in making sure that the experimental design is
correct and effective before carrying out the actual
research or experiment. These can help reduce the risk of
errors and increase the success of the research project or
experiment. Since the main experiment usually involves
several control parameters for examinations, the correct
experimental strategy is to conduct a factorial
experiment.

Factorial design

During factorial designs, several factors are varied
simultaneously instead of one at a time, that is, 3 control
parameters, namely 3 layer thicknesses, 2 drying times
and 4 baseline temperatures. If all possible combinations
are examined, then the factorial design consists of 3 x 2
x 4 = 24 experimental runs. This type of factorial design
is referred to as the full factorial design [16]-[20]
whereby all combinations of each factor at all levels are
tested, thereby including the examination of all possible
interactions as well as main effects and higher-order
interactions. If all the factors have 2 levels, the usual
notation for the n-factor full factorial design is 2", which
is equal to the number of experimental runs. If each factor
has 3 levels, then 3” experimental runs are performed. By
increasing the number of levels of the control parameters,
the number of experimental runs required will rise
exponentially.

One type of factorial design which allows
researchers to study the main effects and some desired
interaction effects over a minimum number of trials or
experimental runs is called a fractional factorial design.
In the case of fractional factorial designs, which are
orthogonal arrays where the settings for the independent

variables are orthogonal to one another so it is possible
to estimate them independently, a fraction (e.g. 1/2, 1/4,
1/8) of the experimental runs can be conducted. Two-
level fractional factorial designs are expressed using the
notation 27 where k denotes the number of variables
(factors) investigated and p describes the size of the
fraction of the full factorial search space used [2].

The main purpose of fractional factorial designs is
to decide which control parameters or factors have the
most influence on the response variable(s) when a
relatively small number of experiments are conducted.
Therefore, experimental screening designs are used when
the number of factors is larger than 6 [21]-[23]. A
sequential experimentation strategy could be applied
when fractional factorial designs are used correctly
[2,14,24]. Screening designs consist of several types such
as Plackett-Burman [25],[26] and Latin square designs
[27] or Taguchi methods.

Taguchi methods

Taguchi has developed experimental designs using
orthogonal arrays (OA) [28] where the factors can have
2, 3, 4 or more levels and the main effects can be
evaluated. This form of experimental designs is common
and popular among researchers who suppose that the
effect of parameters on the response variable is
approximately linear. One main advantage of Taguchi
methods is that several levels, that is, more than 2, of a
certain parameter can be investigated, moreover, a
smaller number of experiments have to be performed
compared to in full factorial experiments (7able 2). A
huge number of Taguchi OAs are found in the field of
AM from various areas [29]-[35].

Table 2: Comparison of the number of experiments
conducted in full factorial designs and Taguchi

methods
. No. of exp.
Number of  Levels of Taguchi No. of exp.
h Full
Factors Factors OA Taguchi .
factorial

3 2 L4 (2% 4 8
7 2 L8 (27) 8 128

4 3 L9 (3% 9 81
11 2 L12 (2™ 11 2048
1,7 2;3 L18 (2"37) 18 4374

Response surface methodology (RSM)

RSM is a collection of mathematical and statistical
techniques to model and analyse problems in which a
response of interest is influenced by several variables and
the objective is to optimize this response. The response
surface is usually represented by graphs on a surface or
contour plot. RSM consists of two different types,
namely Central Composite Designs (CCD) and Box-
Behnken Designs (BBD). As an example, three factorial
experimental designs along with their factor levels are
presented in Table 3. RSM CCDs involve a combination
of factorial designs and axial points. The number of
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Table 3: The factor levels in coded form of a CCD, face-centred CCD and Box-Behnken design for three factors

RSM CCD RSM FC CCD RSM BBD
PtType A B C PtType A B C A B C
cube -1 -1 -1 cube -1 -1 -1 -1 -1 0
cube 1 -1 -1 cube 1 -1 -1 1 -1 0
cube -1 1 -1 cube -1 1 -1 -1 1 0
cube 1 1 -1 cube 1 1 -1 1 1 0
cube -1 -1 1 cube -1 -1 1 -1 0 -1
cube 1 -1 1 cube 1 -1 1 1 0 -1
cube -1 1 1 cube -1 1 1 -1 0 1
cube 1 1 1 cube 1 1 1 1 0 1
axial -1.681792831 0 0 axial -1 0 0 0 -1 -1
axial 1.681792831 0 0 axial 1 0 0 0 1 -1
axial 0 -1.681792831 0 axial 0 -1 0 0 -1 1
axial 0 1.681792831 0 axial 0 1 0 0 1 1
axial 0 0 -1.681792831 axial 0 0 -1 0 0 0
axial 0 0 1.681792831 axial 0 0 1 0 0 0
center 0 0 0 center 0 0 0 0 0 0
center 0 0 0 center 0 0 0
center 0 0 0 center 0 0 0

levels for each factor can vary depending on the specific
experimental design. CCDs are flexible and enable the
number of levels and the ranges for each factor to be
chosen based on specific requirements and knowledge of
the process under investigation. Levels should be chosen
carefully to accurately model and optimize the response
variable according to the available data points. CCD is an
extension of the factorial design, and includes both
factorial points and axial points. The axial points are
placed at a distance a from the centre. A special type of
CCD is face-centred central composite design (FC CCD),
which is particularly useful when the centre point, that is,
the point at the centre of the design space, is either
unnecessary or infeasible for experimentation. In the case
of FC CCD a = 1, only 3 levels are found for each factor
compared to 5 in CCD [36].

RSM BBD is an independent quadratic design since
an embedded factorial or fractional factorial design is not
included. Three levels of each factor are found, while the
design consists of a combination of low, high and centre
levels for each factor [2]. BBDs typically require fewer
experiments compared to CCDs, making the former more
efficient when the budget or resources are limited. CCD
is often considered more efficient in terms of modelling
complex response surfaces when the purpose of the
experiments is to develop a regression model for the data
(see the examples in Tables 4-7 presented later in this
article).

Despite the importance of CCDs and BBDs,
researchers sometimes cannot afford the required number
of experimental runs. Therefore, optimal designs have
been developed that follow the so-called alphabetic
optimality criteria [36], some of which focus on
accurately estimating model parameters while others on
predicting the design region well. One type of optimal
design known as [-optimal design is found from the field
of additive manufacturing [37],[38], which seeks to
optimise prediction variance.

Definitive screening designs (DSD)

Response surface methods can describe the relationship
between the factors and the response variable if more
than two levels for each factor must be chosen. When
2-3  factors are considered, approximately 20

experimental runs are conducted. In the case of 6 factors,
a full RSM CCD consists of 90 experimental runs, while
when 10 factors are examined, a RSM BBD contains 170
runs. In order to reduce the number of experimental runs
but continue to benefit from the advantages of RSM, a
new three-level screening design known as definitive
screening design (DSD) was developed whereby the
number of experimental runs is one more than twice the
number of factors [39]. In the case of 6 factors, the
number of experimental runs is 13, while when 10 factors
are selected, 21 runs are performed, which is far less than
in RSM designs. RSM and DSD for 8 factors and one
response variable for MEX-printed PLA parts were
compared [38]. DSD was found to be more economical
than RSM due to the reduced number of experimental
runs. 17 experimental runs were planned based on a DSD
compared to 55 on a RSM design. Several DSD
experimental designs are found in the literature [40]-[43].

2.2. Data evaluation

After conducting the designed experiments, data must be
statistically evaluated. Firstly, the results must be
visualized by groups in graphs such as individual value,
box and violin plots or histograms. Visualizing data in
groups or categories is a common approach to gain
insights into how data is distributed as well as identify
patterns and differences between these groups. The
graphs produced enable accurate hypotheses to be
suggested during the following statistical tests.

During the statistical tests following a DoE, the
following null hypothesis is frequently used, that is, there
is no significant difference between the means of the
groups compared. If two groups exist, then the two-
sample t-test is the most appropriate method. If more than
two groups are found for one factor and more than two
factors are involved, then the common test is analysis of
variance (ANOVA), which helps determine whether the
variation between the means of groups is statistically
significant or can be attributed to random sampling
variation.

If the DoE consists of more factors and the types of
variables are different from numerical ones, e.g. they are
categorical variables, the general linear model (GLM) is
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a more general framework that can handle various types
of dependent variables by taking into account a broader
range of data types and statistical models in addition to
the comparison of means [2].

Regression

Previously mentioned tests of significance comparing
means could be sufficient for researchers. Sometimes the
purpose of research is not only to define the significance
of a certain factor or parameter but to describe the process
mathematically and accurately by regression equations.
Although several types of regression equations or models
exist, in this paper, statistical regression approximations
are addressed [2].

The simplest regression model which can be fitted
to three-factor experimental designs is a multiple linear
regression model with only main effects:

Yy=PBo+tBr X1+ By X+ B3 x3+¢ (D

where y denotes the response variable, f; represents the
regression coefficients, x; are the values of th i variable
and &stands for the random error term. While statistically
evaluating the screening of two-level designs and
Taguchi methods, this type of equation with only main
effects could be developed [32],[44]. The minimum
number of experimental runs is the number of factors
plus one.

If the DoE contains more experimental runs than the
minimum number required, the interaction between the
factors can be estimated. In the case of a full factorial 2°
DoE, the following multiple linear regression can be
estimated:

Yy=PBo+ B X+ B2 xz+ B3 x3
+B12 X "Xy + Bi3tXq X3+ Boz Xy X3
+Pi23 X1 Xy X3+ € 2

where 8 f; should be estimated so a minimum of 8
experimental runs must be conducted. Within this form
of multiple linear regression, there are 3 main effects (xi,
X2, X3), 3 interactions between two factors (x7:xz, x2:x3,
x1+x3) and 1 interaction between three factors. (xr:x2wx3).
This type of regression was applied in a wire-based
electron beam additive manufacturing process [45].

If the DoE contains a factor with more than two
levels, then quadratic effects of that factor could be
estimated besides the main effects and interactions. The
following equation is an example of a factorial design
consisting of at least 3 levels and at least 10 experimental
runs:

y=PBo+PBr-x1+ By-x;+ B3 x3+
P12 X1 Xy + P13 - X1 X3+ Boz Xy - X3 +
Bi1 - x1% 4 Baz - X2 + B3z - x3” + € 3)

This latest type of regression models has been
addressed in the literature [46],[47].

These are the most common types of statistical
regression model used when studying AM technologies.
Besides these models, some are emerging in artificial
neural network (ANN) models to determine the
relationship between the input and output parameters of

AM processes. Research articles have been published
where the modelling capability of RSM and ANN
methods is compared or combined to describe AM
processes [29,48,49].

2.3. Optimization

The regression model parameters can be estimated and
equations visualized graphically as a response surface.
Having determined the equation, the minimum,
maximum or target value of a certain response variable
can be calculated as an optimization goal. This type of
optimization is referred to as numerical and denoted in
Tables 4-7.

Based on the purpose of the research, typically two
or more response variables are investigated in a designed
experiment. Two types of optimizations related to the
handling of response variables are found, namely single-
objective and multi-objective optimizations. If the single-
objective optimization is chosen, the calculation is easier,
while the multi-objective optimization can use even
neural network for problem-solving.

The use of utility theory (UT) simplifies multi-
objective optimization into single-objective
optimization. In this theory, a utility, that is, a value of
individual response factors (y;, y, ..., yu), is calculated
and finally a combined value calculated by using the
relations. If X; measures the effectiveness of an attribute
(characteristic) i and n attributes evaluate the outcome
space, the overall utility function is a linear sum of
individual utilities which can be adjusted by providing a
weight, transforming the overall utility function into:

U(XliXZ' ""Xn) = ?:1 M/LUL(XL) (4)

where Ui(X;) denotes the utility of the i attribute, W;
stands for the weight assigned to the attribute 7/ and the
sum of the weights for all attributes is equal to 1 [50]. If
the composite measure is maximized, the evaluation of
utility will automatically be optimized. UT assumes that
the response variables are independent which might not
be the case in practice. UT was used to analyse the
response parameters of surface roughness, dimensional
accuracy and flatness together by Maurya et al. [32].

The Taguchi method for optimization

Single-objective optimization could be performed by the
Taguchi signal-to-noise (S/N) method, which is a robust
design and optimization whereby the larger the S/N ratio
calculated, the better the certain level of a factor. Based
on the objective function, several types of optimization
problem can arise: (i) smaller-the-better [51], (ii) larger-
the-better [31],[52] and (iii) nominal-the-best [28,53,54].

Multi-objective  optimization  with  Taguchi
orthogonal arrays could be conducted by grey relational
analysis (GRA), which is based on the grey system theory
to convert multi-response problems into single-response
ones [55]. First, GRA normalises experimental data
between 0 and 1 before a grey relational coefficient is
calculated that determines the ratio between the desired
(ideal) values and the actual (experimental) response
data. A grey relational grade is then calculated as a
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weighted sum that considers the grey relational
coefficient corresponding to each process response and
their corresponding weights [56]. In the literature, the
compressive  strength, measured porosity and
dimensional accuracy of fabricated porous scaffolds
were optimized simultaneously with this method [57].

Desirability Optimization Method (DOM)

One of the first approaches to multi-response
optimisation based on a desirability function was
proposed using process targets and response deviations
to represent a single-objective function [58]. The
desirability function is used to determine the desirability
of the process parameters set compared to all potential
solutions and with respect to the required nominal
response values. Individual desirability (d;) evaluates
how the process parameters settings optimize the i
single response, while composite desirability (D)
evaluates how the settings optimize a set of responses
overall. The individual desirability functions for each
response variable should be defined. The desirability
function has a lower and an upper limit, goal (maximize,
minimize or target) and importance [59]. Composite
desirability is defined as the weighted geometric mean of
the individual desirabilities for the responses:

Dzndl'dz'...'dn (5)

Desirability has a range of 0 to 1 whereby 1
represents the ideal case and 0 indicates that at least 1
response falls outside the acceptable limits.

Non-conventional, artificial intelligence (Al)-based
multi-objective optimization methods

Metaheuristic search techniques belong to artificial
intelligence and have drawn significant attention over the
last two decades for solving multi-response optimisation
problems. In the case of 10 different Al optimizations
(namely Genetic Algorithm Optimization, Simulated
Annealing Algorithm Optimization, Particle Swarm
Optimization, Grey-Wolf Optimization Algorithm, Moth
Flame Optimization Algorithm, Whale Optimization
Algorithm, Jaya Optimization Algorithm, Sunflower
Optimization Algorithm, Lichtenberg Optimization
Algorithm and Forensic-Based Investigation
Optimization Algorithm) for the MEX manufacturing
process, response variables [60] have been utilized to
predict the optimal settings of experiments. Genetic
algorithm optimization (GA) - a stochastic search
technique inspired by the principles of natural evolution
- has been proven as a potent multi-directional heuristic
search method for optimising highly nonlinear, non-
convex and complex functions since it is less likely to get
trapped at a local optimum than traditional gradient-
based search methods. The individuals in a population
are then evaluated based on their fitness value whereby
the individuals with the highest fitness values are taken
as bases (‘parents’) for the next generation. The
procedure is iterative, that is, continues till the
termination criterion is reached. Some examples of GA-

based multi-response optimization are found in the
literature [18,29,31,61,62].

Another evolutionary metaheuristic technique is
Particle Swarm Optimization (PSO) inspired by the
social behaviour of flocks of birds and schools of fish.
Similarly to GA, PSO is also a population-based heuristic
computational method whereby the population of the
potential solutions is referred to as a swarm and each
individual solution within the swarm is called a particle.
The algorithm is initialised with a population of random
solutions (a flock of birds where a bird is called a
particle) and searches for the optimum by updating
generations. Unlike GA, PSO has no evolution operators
such as crossover and mutation. Two research articles
presented one example each of this type of optimization
[63],[64].

A new metaheuristic algorithm, namely Grey Wolf
Optimization, inspired by the social hierarchy and
hunting behaviour of grey wolves (Canis lupus) was
developed [65]. This modern population-based algorithm
was used to optimize the process whereby the functional
relationship between five important FDM process
parameters concerning polyethylene terephthalate glycol
(PETG) was studied regarding their effect on the flexural
strength of this material [66]. The maximum flexural
strength obtained by the algorithm was approximately
14% higher than the best result obtained by the series of
experiments.

3. Modelling in different types of additive
manufacturing

3.1. Binder Jetting (BJT)

Binder Jetting (BJT) is an AM process in which a liquid
bonding agent is selectively deposited to join powder
materials together [1]. BJT can work with various types
of materials, including metals, ceramics, polymers and
composites. Metal powders such as stainless steel,
aluminium and titanium are used in aerospace,
automotive and medical device manufacturing as well as
in ceramic powders in dental implants and electronics,
sand powders in moulds in addition to polymer powders
to create prototypes. The binding agent is used to
selectively bond and solidify the powdered material in
specific areas layer by layer to create a three-dimensional
object. The binding agent chosen depends on the material
being printed and the desired properties of the final
object.

Several parameters or factors influence the quality
of the BJT process (Appendix - Figure 2). In the case of
DoE, the main goal is to study the effects of the various
parameters on the response variable and quality
characteristic of a certain manufacturing process. Since
most of the factor levels are controllable, they are
potential factors for DoE investigations. The input and/or
controllable parameters in the case of BJT can be divided
into five main categories, namely Material,
Manufacturing process, Temperature, Time and
Equipment. Two types of material, that is, powders and
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fluids, as well as their characteristics are important in
BIT. The temperature and the different time conditions
can affect the output of the process. The parameters set
for the equipment such as the build, number of layers,
binder drop and roller properties play a crucial role in the
manufactured specimen. The parameters set in the
manufacturing process, that is, feed-to-powder ratio,
layer thickness and binder saturation, also affect the AM
process.

One critical quality characteristic when examining
the binder jetting AM process other than compressive
strength and porosity is transverse rupture strength (TRS)
that measures the maximum stress a material can
withstand just before it breaks when subjected to a
bending load [57],[67]. Since the dimensional accuracy
can also influence the quality of the BJT process, the
shrinkage percentage ((actual dimension of a sample —
designed dimension of a sample)/(designed dimension of
a sample) x 100 %) can be determined [51]. Besides the
dimensional accuracy, the surface roughness of the
produced specimen can be a response variable [29].

In the case of the BJT process, 3-5 factors are varied
by DoE methods and mainly the linear effects of the
parameters investigated (7able 4). The main purpose of
the studies is to describe the process mathematically and
optimize the BJT process for the selected response
variable(s).

3.2. Directed Energy Deposition (DED)

Table 4: DoE in the fields of BJT and DED
(abbreviations are based on [1])

AM method Input__ Output
BIT SSUM/ ASTMFTS 3 3

DoE type
Taguchi L27
Taguchi .27
1 Taguchi 1.9
RSM BBD
Taguchi L27
RSM CCD
RSM BBD
RSM CCD
6 RSM CCD

Taguchi L27

Optimization

BIT-SSUC/Paris

DED-Arc/M/TI6A 4V 5
DED-EB/M/Ti6AI4V 3 2
DED-EB/M/Ti6AI4V 3 1
3 4 RSM CCD
3 2 RSM CCD
sielloy X 4 5 Taguchi L16
DED-Arc/M/Plasmadur31122 9 4 Taguchi L18

Taguchi 127
Taguchi L27
Taguchi L9

single-objective, S/N

Directed energy deposition (DED) is an additive
manufacturing process in which the focused thermal
energy is used to fuse materials by melting them as they
are being deposited [1]. The energy source in DED can
be a high-powered laser, electron beam or plasma arc.
DED is used mainly in the aerospace, automotive, rapid
tooling and biomedical industries to produce functional
metal parts, add material to existing parts and for repairs
[73]. The material selected depends on the specific
application. Titanium, aluminium and nickel alloys are
used in the aerospace industry, while titanium and cobalt-
chromium ones are applied in medical equipment [74].
The typical workflow of the metal additive

manufacturing process is design, conversion, file
transfer, configuration, print, removal, machining
(optional), heat treatment (optional), inspection

(optional) and handover (optional) [75]. The quality of
the DED additive manufactured specimen depends on

several factors such as the material, feeding, equipment
and energy source (Appendix - Figure 3). Two types of
materials have to be chosen, one for the wire/powder and
another for the substrate. While the feeding parameters in
addition to the feed rates of the carrier gas and
wire/powder can be set, the geometric position, angle and
direction are other optional factors when investigating a
DED process. Regarding the equipment itself,
temperature settings and manufacturing strategies as well
as the energy source could also affect the quality of the
part produced.

The response variables of DoE during the
investigation of DED processes are usually related to the
geometry and characteristics of the bead deposited. The
geometries of these beads are width, height, angles and
dilution [30,61,69], however, the hardness [59],
roughness [72], porosity [53] or coefficient of friction
[45] could be measured as outputs. According to Table 4,
mainly 3-5 factors are chosen to describe the DED
process, but a screening design, that is, Taguchi L18,
varies 9 factors simultaneously.

3.3. Material Extrusion (MEX)

Material extrusion is an AM process in which material is
selectively dispensed through a nozzle or orifice [1]. A
wide variety of materials can be extruded using MEX:
thermoplastics such as acrylonitrile styrene acrylate
(ASA), acrylonitrile butadiene styrene (ABS),
polycarbonate, polyetherimide, polylactic acid (PLA),
high impact polystyrene (HIPS), thermoplastic
polyurethane (TPU) and aliphatic polyamides (PA,
nylon) as well as high-performance plastics such as
polyether ether ketone (PEEK) and polyetherimide (PEI)
[76]. MEX additive manufacturing technologies have
gained widespread popularity and applications due to
their simplicity, reliability and affordability.

The possible factors for DoE during MEX
experimentation can be divided into four categories,
namely Temperature, Equipment, Material and the
Manufacturing process (Appendix - Figure 4). The
temperature conditions - e.g. that of the build platform,
nozzle as well as the printing and cooling conditions -
play a significant role as far as the quality of a MEX-
produced specimen is concerned. Regarding the
equipment, the fan speed and diameter of the nozzle are
optional factors, moreover, the characteristics of the
material can affect the output parameters. The
manufacturing process consists of such parameters as the
infill and its properties, flow rate, support, wall and layer
thickness as well as build orientation.

The quality of the MEX process could be described
by dimensional parameters and mechanical properties.
The dimensional accuracy of the produced specimen is
characterized by its length, width, thickness or
dimensional error [60,77-81]. The surface quality of the
part is measured by its surface roughness [38],[82] as
well as by geometrical dimensioning and tolerancing
(GD&T) parameters [83]. Its mechanical properties such
as strength refer to the capacity of a material to cope with
external loads and stresses. During MEX processes, the
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following mechanical properties can be used as response
variables of DoE: flexural strength [31,62,66,84], tensile
strength [85],[86] and the Young’s modulus [77],[87].
The energy factor and consumption as response variables
in a MEX experimental design were optimized by
Barbose et al. [88].

DoE methods are widely used for the description
and optimization of the MEX additive manufacturing
process. Applications of all types of DoE methods from
the simplest to more advanced designs are found in the
literature (7able 5). More screening designs such as
Taguchi L27 for linear effects and definitive screening
design for quadratic effects are available.

Table 5: DoE in the field of MEX (abbreviations are
based on [1])

Ref AM method 1. 0. DoE type Optimization

[66]  MEX-TRB/P/PET-G 3 T RSM FC CCD Single-objective, GWO
[89]  MEX-TRB/P/PLA 4 2 RSM FC CCD single-objective, num
[64]  MEX-TRB/P/PLA 4 1 RSM CCD multiobjective, PSO
[31]  MEX-TRB/P/ABS 4 1 Taguchi L18 single-objective, S/N, GA
[78]  MEX-TRB/P/TPU 3 2 RSM CCD multiobjective, DOM
[85]  MEX-TRB/P/PLAPHA 3 2 RSM BBD multiobjective, DOM
[84]  MEX-TRB/P/PEEK 3 5 RSM BBD single-objective, num
{771 MEX-TRB/P/PLA 4 8 Taguchi L9 single-objective, /N
[88]  MEX-TRB/P/PLA 4 1 single-obj num
791 MEX-TRB/P/TPU 3 3 single-objective, S/N
[80]  MEX-TRB/P/PLA 3 7 multiobjective, DOM
[62]  MEX-TRB/P/ABS 3 1 single-objective, GA
[90]  MEX-TRB/P/ABS 4 2 " single-objective, S/N
[54]  MEX-TRB/P/ABS 4 2 Taguchi L9 single-objective, S/N
[81]  MEX-TRB/P/PLA 3 3 Full factorial 2% multiobjective, GRA
[81]  MEX-TRB/P/ABS 3 3 Full factorial 2 multiobjective, GRA
[83]  MEX-TRB/P/ABS 13 10 TaguchiL27 single-objective, S/N
[38]  MEX-TRB/P/PLA 8 1 I-optimal single-objective, DOM
[38]  MEX-TRB/P/PLA 8 1 DSD single-objective, DOM
[371  MEX-TRB/P/ABS 6 1 l-optimal single-objective, DOM
[60]  MEX-TRB/P/ABS 5 6 Taguchi 127 multiobjective, GA, PSO, ete
[86]  MEX-TRB/P/PLA 3 2 RSM CCD multiobjective, DOM
[82]  MEX-TRB/P/ABS 3 2 Taguchi L8 Single-objective, S/N
[40]  MEX-TRB/P/PLA 8 4 DSD multiobjective, DOM
[41]  MEX-TRB/P/PLA 6 6 DSD :

3.4. Material Jetting (MJT)

Material jetting (MJT) is an AM process in which
droplets of feedstock material are selectively deposited
[1]. It is possible to apply thin layer thicknesses that
enable high-quality parts to be printed as well as diminish
staircase effects and thin walls [91]. MJT can be applied
in rapid prototyping, the aerospace industry, dental and
orthodontic applications, jewellery, architecture and
construction. The materials used in MJT are usually
thermoset photopolymers.

The possible input or controllable parameters
during the experimentation of MJT manufacturing
processes are shown in Appendix - Figure 5. The quality
of the process can be affected by 4 categories, namely
Material, Temperature, Equipment and Manufacturing
process. Like the MEX technology, the temperature of
parts of the equipment, that is, the nozzle, platform and
printer, can cause deviations in the response variables of
MJT. The chemical and mechanical characteristics of the
material are important factors as far as the parameters of
the equipment, i.e. build position, orientation and layer
thickness, are concerned. Four factors influence
manufacturing processes, namely the curing process,
drop properties, inkjet printhead parameters and type of
support.

The dimensional accuracy, surface roughness and
mechanical properties of MJT-printed parts are crucial to
obtain correct and reliable results after measurements are
taken and ensure they function properly following final

assembly. The length, width and height of the specimen
[17,18,92]; the roundness and cylindricity [20]; as well
as the surface roughness were analysed as response
variables [16,32,93]. Mechanical properties such as
tensile strength were examined [14],[94] and the colour
of the MJT-produced part can be output parameters
referring to its quality [95]. DoE methods are used to
characterize the MJT process and each type of
experimental design can be found in the literature as
presented in Table 6.

Table 6: DoE in the fields of MJT PBF (abbreviations
are based on [1])

Ref AM method L O DoEuype Optimization
120] MIT-UV/P/MED610 2 2 Full factorial 22

[16] MIT-UV/P/FullCure70 31 Full factorial 2 - 3 - 19

[17] MIT-UV/P/RGDS33 3 3 Full factorial 2

194] MIT-UV/P/Verowhite 3 2 Full factorial 2

114] MIT-UV/P/RGDS3S 7 3 Fractional factorial 27 —3

[92] MIT-UV/P/T20RGD 3 2 Taguchi L4 multiobjective, GRA
132] MIT-UV/PRGDS40 3 6 Taguchils multiobjective, UT
18] MIT-UV/P/Vero 4 3 Full factorial 24 multiobjective, GA
[95] MIT-UV/P/RGDg** 3 RSM CCD single-objective, DOM
143] MIT-UV/DM/FLX9805 71 DSD -

48] PBFIL/PUHMWPE 6 1 RSM BBD single objective, num
196] PBELB/M/TI6AI4V 4 3 RSM CCD .

197] PBE-LB/M/NIT: 33 RSM CCD -

98] PBE-LB/M/AISi10Mg 4 RSM CCD single objective, DOM
199] PBE-LB/M/TI6AISV 2 2 RSM -

[100]  PBE-LB/M/ODSN 3 3 Taguchi 125 single-objective, SN
[100]  PBE-LB/M/ODSN 33 RSM BBD single-objective, SN
[49] PBE-LB/M/AISi 10Mg 41 RSM CCD -

[10]  PBELB/MAITICrFeCoNi 2 1 Full factorial 22 -

[102]  PBF-LB/M/31GLSS 4 12 TapuchiLe4 single-objective, S/N
[103]  PBE-LB/M/Inconcl625 4 2 Taguchi L9 multiobjective, GRA
3] PBE-Arc/M/INT 18 4 2 Taguchi L16 multiobjective, GRA
[42] PBE.LB/M/CoCrW s 1 DSD .

3.5. Powder Bed Fusion (PBF)

Powder bed fusion (PBF) is an AM process in which
thermal energy selectively fuses regions of a powder bed
[1]. As one of the most applied processes, PBF is
increasingly being used to manufacture products in, for
example, the aerospace, medical, automotive, tooling and
consumer goods industries. One of the significant
advantages of PBF is its ability to produce highly
customized and personalized products, supporting a wide
range of materials including metals, polymers and
ceramics.

The input and controllable parameters of the PBF
additive manufacturing process can be divided into four
categories, namely Equipment, Material, Energy Source
and Manufacturing process (Appendix - Figure 6).
Within the Equipment category, the layer thickness,
working distance and gas flow can affect the output of
the PBF process. The material composition and
characteristics of the powder such as its distribution,
particle shape and density are other examinable factors.
Different energy sources and their settings affect the
quality. The most investigated parameters by DoE are
hatch space, temperature and scanning within the
Manufacturing process category.

The response variables for characterizing the PBF
process could be dimensional such as the length, width
and depth of the melt pool [96] as well as the surface
roughness [99],[103] and dilution rate [33]. The porosity
of the manufactured specimen [44,49,98] is particularly
critical as it can significantly affect the mechanical
properties of components, cause structural failures as
well as decrease their strength and Young’s modulus.
Some researchers have measured the mechanical
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properties of the specimen [48],[100] and hardness of the
produced part [101].

Details about the DoE and optimization in the case
of PBF processes are contained in Table 6. Typically 3-5
input parameters are varied during the experimental
designs and every type of DoE can be an example of this
technology.

3.6. Sheet Lamination (SHL)

Sheet lamination (SHL) is an AM process in which sheets
of material are bonded together to form a part [1]. The
raw materials (worksheets) are cut by lasers or cutters
depending on their geometry before the lamination
process. The sheets are stacked layer by layer and bonded
by diffusion instead of melting. Laminated object
manufacturing (LOM) and ultrasonic additive
manufacturing (UAM) are the main techniques in this
process. The processing speed is relatively high with low
operating costs and easy material handling. Various
materials such as polymers, ceramics, paper and metals
can be used in this SHL process, the main advantages of
which are its ability to be integrated into a hybrid
manufacturing system by working with ceramic and
composite fibre materials without the need for support
structures. The main limitation of this process is the
limited availability of materials and the removal of
excess materials after lamination.

The possible factors of DoE are presented in
Appendix - Figure 7 in the case of the SHL process that
can be divided into three categories, that is, Equipment,
Material and Manufacturing process, based on a
literature review. The temperature, force and pressure
can be varied to investigate the performance of the SHL
process. The material characteristics such as thermal
properties, flexibility, strength or type can affect the
quality of the process. Moreover, the speed, sheet
thickness and type of heat source or binding method are
possible factors when examining quality in the case of the
SHL additive manufacturing process.

The response variables of the SHL process can be
measured from bending and tensile tests [34,47,104] or
linear weld density [105]. Some applications of sheet
lamination in the field of DoE can be seen in Table 7.

3.7. Vat Photopolymerization (VPP)

Vat photopolymerization (VPP) is an AM process in
which a liquid photopolymer in a vat is selectively cured
by light-activated polymerization [1]. VPP is widely
utilized in the fields of engineering, manufacturing,

Table 7: DoE in the fields of SHL and VPP
(abbreviations are based on [1])

Ref. AM method ! 0. DoE type Optimization

[104] SHL-AVLPHO42 7 1 Taguchi L8

[104] SHL-AVLPHO80 7 1 Taguchi L8

[34] SHL-UC/CS4130 4 2 Taguchi L16

[105] SHL-UC/A13003 4 1 Taguchi L16

[47] SHL-AVABS 4 2 RSM multiobjective, DOM
Full factorial 23

[19] VPP-UVLP i 6
[106]  VPP-UVL/PANYCUBIC 2
[63] VPP-UVL/P 5 2
[35] VPP-UVL/P! 3 2
[107]  VPP-UVM/P i 2
[108] VPP-UVL/P 5 20

multiobjective, num.

RSD CCD
Taguchi 1.27
Taguchi L9
RSM CCD
Taguchi L.27

T

multiobjectiv
multiobj DOM
multiobjective, DOM

dentistry, healthcare, education, entertainment, jewellery
and audiology. Dental applications of VPP are emerging,
e.g. the mechanical properties of 3D-printed resin-based
dental parts like their biocompatibility, accuracy as well
as antimicrobial and surface properties [109].

The possible factors of experiments concerning the
VPP process are detailed in Appendix - Figure 8. The
quality performance of the VPP process can be
influenced by the parts of the equipment such as the tank,
light source or platform. The chemical, mechanical and
physical characteristics of the resin can affect the VPP
process. The environmental conditions such as
temperature and humidity as well as the design of the
specimen are possible factors worth investigating within
this field. The manufacturing process parameters such as
print speed, post-processing and duration can be varied.

Response variables of the VPP process include
tensile strength, hardness and energy consumption
[19],[106] as well as printing time [107]. Among the
dimensional parameters of the specimen, its length,
width, GD&T parameters, shrinkage and surface
roughness can be investigated [35],[108]. During VPP,
mainly Taguchi and RSM methods with multi-objective
optimization are addressed in the literature (7able 7).

4. Discussion

This review describing the critical-to-quality
characteristics of a certain additive manufacturing
process contains several important steps and decisions. It
is important to precisely declare the purpose of carrying
out research before designing experiments. Although
several types of DoE are available in the mathematical
literature, in the field of AM, Taguchi and RSM methods
are the most common. Nowadays, definitive screening
designs are emerging. Augmenting a DSD will greatly
assist practitioners to avoid the problems of underfitting
and overfitting [110].

The RSM approach is based on a philosophy of
sequential experimentation, whereby the objective is to
approximate the response with a low-order polynomial in
a relatively small region of interest that contains the
optimum solution. Some computer experimenters
advocate a somewhat different philosophy by seeking to
create a model that approximates the true response
surface over a much wider range of design variables,
sometimes extending over the entire region of operability
[36]. Even though only a few applications of sequential
experimentation have been studied in the literature, it
may still be useful in the future.

The role of the DoE-Exp-Eval-Opt process
(Figure 1) is not only important in research into AM
processes but perhaps during mass-production AM
processes to decrease costs and increase the quality of a
certain type of additive manufactured part.

52(1) pp. 55-70 (2024)



64

DREGELYI-KISS

REFERENCES

[1] ISO/ASTM 52900:2021 International Standard:
Additive manufacturing - General principles -
Fundamentals and vocabulary

[2] Montgomery, D.C.: Design and analysis of
experiments (9th edition) (John Wiley & Sons),
2017, 1ISBN: 9781119113478

[3] Fisher, R.A.: The design of experiments (7th
edition) (Hafner Publishing Company, New York),
1960

[4] Klahn, C.; Leutenecker, B.; Meboldt, M.:
Design strategies for the process of additive

manufacturing, Procedia CIRP, 2015, 36, 230-235,
DOLI: 10.1016/j.procir.2015.01.082

[5] Vaneker, T.; Bernard, A.; Moroni, G.; Gibson, I.;
Zhang, Y.: Design for additive manufacturing:
Framework and methodology, CIRP Ann., 2020
69(2), 578—599, DOI: 10.1016/j.cirp.2020.05.006

[6] Alzyod, H.; Ficzere, P.: Using finite element
analysis in the 3D printing of metals, Hung. J. Ind.
Chem., 2021, 49(2), 65-70, DOI: 10.33927/hjic-2021-24

[7] Du Plessis, A.; Sperling, P.; Beerlink, A.; Kruger,
O.; Tshabalala, L.; Hoosain, S.; Le Roux, S.G.:
Standard method for microCT-based additive
manufacturing  quality control 3:  Surface
roughness, MethodsX, 2018, 5, 1111-1117,
DOI: 10.1016/j.mex.2018.09.004

[8] Du Plessis, A.; Sperling, P.; Beerlink, A.;
Tshabalala, L.; Hoosain, S.; Mathe, N.; Le Roux,
S.G.: Standard method for microCT-based
additive manufacturing quality control 1: Porosity
analysis, MethodsX, 2018, 5, 1102-1110,
DOI: 10.1016/j.mex.2018.09.005

[9] Leach, R.K.; Bourell, D.; Carmignato, S.; Donmez,
A.; Senin, N.; Dewulf, W.: Geometrical metrology
for metal additive manufacturing, CIRP Ann., 2019,
68(2), 677-700, DOTL: 10.1016/j.cirp.2019.05.004

[10]Adamczak, S.; Bochnia, J.; Kaczmarska, B.:
Estimating the uncertainty of tensile strength
measurement for a photocured material produced by
additive manufacturing, Metrol. Meas. Syst., 2014,
21(3), 553-560, DOI: 10.2478/mms-2014-0047

[11]Acél, A.B.; Falk, G.; Domotor, F.; Takacs, J.:
Design and quality assured manufacturing of free
form metal prostheses by selective laser melting
technology, Hung. J. Ind. Chem., 2021, 49(2), 29—
34, DOI: 10.33927/hjic-2021-18

[12]Budinoff, H.; McMains, S.: Prediction and
visualization of achievable orientation tolerances
for additive manufacturing, Procedia CIRP, 2018,
75, 81—86, DOI: 10.1016/j.procir.2018.03.315

[13]Kannan, R.; Knapp, G.L.; Nandwana, P.; Dehoff,
R.; Plotkowski, A.; Stump, B.; Yang, Y.; Paquit, V.:
Data mining and visualization of high-dimensional
ICME data for additive manufacturing,

Integr. Mater. Manuf. Innov., 2022, 11(1), 57-70,
DOI: 10.1007/s40192-021-00243-2

[14]Mueller, J.; Shea, K.; Daraio, C.: Mechanical
properties of parts fabricated with inkjet 3D printing
through efficient experimental design, Mater. Des.,
2015, 86, 902-912, DOI: 10.1016/j.matdes.2015.07.129

[15]Queguineur, A.; Asadi, R.; Ostolaza, M.; Valente,
E.H.; Nadimpalli, V.K.; Mohanty, G.; Hascoét,
J.Y; Ttuarte, I.F.: Wire arc additive manufacturing
of thin and thick walls made of duplex stainless
steel, Int. J. Adv. Manuf. Technol., 2023, 127(1-2),
381-400, DOIL: 10.1007/s00170-023-11560-5

[16]Udroiu, R.; Braga, I.C.; Nedelcu, A.: Evaluating the
quality  surface performance of additive
manufacturing systems: Methodology and a
material jetting case study, Materials, 2019, 12(6),
995, DOI: 10.3390/mal12060995

[17]1Yap, Y.L.; Wang, C.; Sing, S.L.; Dikshit, V.;

Yeong, W.Y.; Wei, J: Material jetting
additive manufacturing: An experimental study
using  designed metrological  benchmarks,
Precis. Eng., 2017, 50, 275-285,

DOI: 10.1016/j.precisioneng.2017.05.015

[18]Patpatiya, P.; Shastri, A.; Sharma, S.; Chaudhary,
K.; Bhatnagar, V.: ANN-predictive modeling and
GA-optimization for minimizing dimensional
tolerance in Polyjet Additive Manufacturing,

CIRP J. Manuf. Sci. Technol., 2022, 38, 320-339,
DOI: 10.1016/j.cirpj.2022.05.004

[19]Zhao, J.; Yang, Y.; Li, L.: A comprehensive
evaluation for different post-curing methods used in
stereolithography additive manufacturing,

J. Manuf. Process., 2020, S56A, 867-877,
DOIL: 10.1016/}.jmapro.2020.04.077

[20]Swiderski, J.; Makieta, W.; Dobrowolski, T.;
Stepien, K.; Zuperl, U.: The study of the roundness
and cylindricity deviations of parts produced with
the use of the additive manufacturing, Int. J. Adv.

Manuf. Technol., 2022, 121(11-12), 7427-7437,
DOI: 10.1007/s00170-022-09838-1

[21]1Udroiu, R.: New methodology for evaluating
surface quality of experimental aerodynamic
models manufactured by polymer jetting additive
manufacturing, Polymers, 2022, 14(3), 371,
DOI: 10.3390/polym14030371

[22]Durao, L.F.C.S.; Barkoczy, R.; Zancul, E.; Lee Ho,
L.; Bonnard, R.: Optimizing additive manufacturing
parameters for the fused deposition modeling
technology using a design of experiments,

Prog. Addit. Manuf., 2019, 4(3), 291-313,
DOI: 10.1007/s40964-019-00075-9

[23]Ji, M.; Shim, H.-J.; Kim, J.-H.; Lee, Y.-S.; Choi,
J.P.; Lee, Y.-I.: Processing parameter correlations in
powder bed fusion additive manufacturing for Fe—
Si soft magnetic materials through design of
experiments, Powder Metall., 2023, 66(5), 1-11,
DOI: 10.1080/00325899.2023.2239599

[24]Snee, R.D.; Bailey, S.P.: Effective use of screening
experiments: Some practical experiences,Appl.

Stoch. Model. Bus. Ind., 2023, 39(4), 602-624,
DOI: 10.1002/asmb.2768

[25]Olivier, D.; Borros, S.; Reyes, G.: Application-
driven methodology for new additive manufacturing
materials development, Rapid Prototyp. J., 2014,
20(1), 50-58, DOI: 10.1108/RPJ-01-2012-0002

Hungarian Journal of Industry and Chemistry


https://doi.org/10.1016/j.procir.2015.01.082
https://doi.org/10.1016/j.cirp.2020.05.006
https://doi.org/10.33927/hjic-2021-24
https://doi.org/10.1016/j.mex.2018.09.004
https://doi.org/10.1016/j.mex.2018.09.005
https://doi.org/10.1016/j.cirp.2019.05.004
https://doi.org/10.2478/mms-2014-0047
https://doi.org/10.33927/hjic-2021-18
https://doi.org/10.1016/j.procir.2018.03.315
https://doi.org/10.1007/s40192-021-00243-2
https://doi.org/10.1016/j.matdes.2015.07.129
https://doi.org/10.1007/s00170-023-11560-5
https://doi.org/10.3390/ma12060995
https://doi.org/10.1016/j.precisioneng.2017.05.015
https://doi.org/10.1016/j.cirpj.2022.05.004
https://doi.org/10.1016/j.jmapro.2020.04.077
https://doi.org/10.1007/s00170-022-09838-1
https://doi.org/10.3390/polym14030371
https://doi.org/10.1007/s40964-019-00075-9
https://doi.org/10.1080/00325899.2023.2239599
https://doi.org/10.1002/asmb.2768
https://doi.org/10.1108/RPJ-01-2012-0002

DESIGN OF EXPERIMENTS AND OPTIMIZATION IN ADDITIVE MANUFACTURING 65

[26]Mahmoodkhani, Y.; Ali, U.; Liravi, F;
Esmaceilizadeh, R.; Marzbanrad, E.; Toyserkani, E.;
Bonakdar, A.: Determination of the most
contributing laser powder bed fusion process
parameters on the surface roughness quality of
Hastelloy X components, Glob. Power Propuls.
Soc., Montreal, 2018, 1-8, https://gpps.global/wp-
content/uploads/2021/02/GPPS-NA-2018-0132.pdf

[27]1Copeland, K.A.F.; Nelson, P.R.: Latin squares
and two-level fractional factorial designs,

J. Qual. Technol., 2000, 32(4), 432-439,
DOI: 10.1080/00224065.2000.11980029

[28]Taguchi, G.; Chowdhury, S., Wu, Y.: Taguchi’s
quality engineering handbook (John Wiley & Sons),
2004, 1SBN: 9780471413349

[29]Onler, R.; Koca, A.S.; Kirim, B.; Soylemez, E.:
Multi-objective optimization of binder jet additive
manufacturing of Co-Cr-Mo wusing machine
learning, Int. J. Adv. Manuf. Technol., 2022, 119(1-
2), 1091-1108, DOT: 10.1007/500170-021-08183-z

[30]Benakis, M.; Costanzo, D.; Patran, A.: Current
mode effects on weld bead geometry and heat

affected zone in pulsed wire arc additive
manufacturing of Ti-6-4 and Inconel 718,
J. Manuf. Process., 2020, 60, 61-74,
DOI: 10.1016/j.jmapro.2020.10.018

[31]Tura, A.D.; Mamo, H.B.: Characterization
and parametric  optimization of additive

manufacturing process for enhancing mechanical
properties,  Heliyon, 2022, 8(7), 09832,
DOI: 10.1016/j.heliyon.2022.e09832

[32]Maurya, N.K.; Rastogi, V., Singh, P.: Effect of
process parameters on surface roughness,
dimensional accuracy and flatness of VeroBlue
RGD840 rigid opaque materials, Int. J. Mater. Res.,
2022, 113(11), 935-950, DOIL: 10.1515/ijmr-2020-8059

[33]Zhang, Y.; Li, Y.; Zhong, J.; Sun, L.; Meng, T.:
Optimum process parameters of IN718 alloy
fabricated by plasma arc additive manufacturing
using Taguchi-based grey relational analysis,

Mater. Today Commun., 2023, 37, 107213,
DOI: 10.1016/j.mtcomm.2023.107213

[34]Han, T.; Headings, L.M.; Hahnlen, R.; Dapino,
M.J.. Effect of process parameters on interfacial
temperature and shear strength of ultrasonic additive
manufacturing of carbon steel 4130, J. Manuf. Sci.
Eng.,2022, 144(8), 084501, DOI: 10.1115/1.4053278

[35]Mhmood, T.R.; AL-Karkhi, N.K.: Multiobjective
optimization of stereolithography for dental bridge
based on a simple shape model using Taguchi and
response surface methods, Appl. Sci., 2023, 13(19),
10911, DOT: 10.3390/app131910911

[36]Myers, R.H.; Montgomery, D.C.; Anderson-Cook,
C.M.: Response surface methodology: process and
product optimization using designed experiments

(4th edition) (John Wiley & Sons), 2016,
ISBN: 9781118916032

[37]Mohamed, O.A.; Masood, S.H.; Bhowmik, J.L.:
Optimization of fused deposition modeling process
parameters for dimensional accuracy using I-
optimality criterion, Measurement, 2016, 81, 174—
196, DOI: 10.1016/j.measurement.2015.12.011

[38]Abas, M.; Habib, T.; Noor, S.; Khan, K.M.:
Comparative study of I-optimal design and
definitive screening design for developing
prediction models and optimization of average
surface roughness of PLA printed parts using fused
deposition modeling, Int. J. Adv. Manuf. Technol.,

2023, 125(1-2), 689-700, DOI: 10.1007/s00170-022-
10784-1

[39]Jones, B.; Nachtsheim, C.J.: A class of three-level
designs for definitive screening in the presence of
second-order effects, J. Qual. Technol., 2011 43(1),
1-15, DOI: 10.1080/00224065.2011.11917841

[40] Abas, M.; Habib, T.; Noor, S.; Salah, B.; Zimon, D.:
Parametric investigation and optimization to study
the effect of process parameters on the dimensional
deviation of fused deposition modeling of 3D
printed parts, Polymers, 2022, 14(17), 3667,
DOI: 10.3390/polym14173667

[41]Al-Tamimi, A.A.; Pandzi¢, A.; Kadri¢, E.
Investigation and prediction of tensile, flexural, and
compressive properties of tough PLA material using
definitive screening design, Polymers, 2023, 15(20),
4169, DOI: 10.3390/polym15204169

[42]1Huxol, A.; Villmer, F.-J.: Experimental approach
towards  parameter  evaluation in  laser
powder bed fusion of metals, Int. J Comput.
Integr.  Manuf., 2022, 35(4-5), 556-567,
DOI: 10.1080/0951192X.2021.1901313

[43]Wirth, M.; Shea, K.; Chen, T.: 3D-printing textiles:
multi-stage mechanical characterization
of additively manufactured biaxial weaves,

Mater. Des., 2023, 225, 111449,
DOI: 10.1016/j.matdes.2022.111449

[44]Alamri, N.M.H.; Packianather, M.; Bigot, S.:
Predicting the porosity in selective laser melting
parts using hybrid regression convolutional neural

network, Appl.  Sci., 2022, 12(24), 12571,
DOLI: 10.3390/app122412571

[45]Manjunath, A.; Anandakrishnan, V.; Ramachandra,
S.; Parthiban, K.; Sathish, S.: Optimization of
tribological parameters of pre-positioned wire based
electron beam additive manufactured Ti-6Al-4V

alloy, Arch. Metall. Mater., 2022, 67(2), 447-454,
DOLI: 10.24425/amm.2022.137776

[46]Wang, J.; Hui, J.; Zhang, H.; Yan, Z.; Xu, Z.: An
experimental investigation on the inkjet printed
circuits based on response surface methodology,
J. Phys. Conf. Ser., 2023, 2566(1), 012071,
DOI: 10.1088/1742-6596/2566/1/012071

[47]Shirkharkolaei, E.M.; Ebrahimzadeh, P.; Shahraki,
S.; Farasati, R.: Solid state additive manufacturing
of acrylonitrile butadiene styrene with silica
augmentative: ~ Application of friction  stir
processing, Exp. Tech., 2020, 44(1), 49-57,
DOI: 10.1007/s40799-019-00337-9

[48] Ali, T.K.; Esakki, B.: Study on compressive strength
characteristics of selective inhibition sintered
UHMWPE specimens based on ANN and RSM
approach, CIRP J. Manuf. Sci. Technol., 2020, 31,
281-293, DOLI: 10.1016/j.cirpj.2020.05.016

52(1) pp. 55-70 (2024)


https://doi.org/10.1080/00224065.2000.11980029
https://doi.org/10.1007/s00170-021-08183-z
https://doi.org/10.1016/j.jmapro.2020.10.018
https://doi.org/10.1016/j.heliyon.2022.e09832
https://doi.org/10.1515/ijmr-2020-8059
https://doi.org/10.1016/j.mtcomm.2023.107213
https://doi.org/10.1115/1.4053278
https://doi.org/10.3390/app131910911
https://doi.org/10.1016/j.measurement.2015.12.011
https://doi.org/10.1007/s00170-022-10784-1
https://doi.org/10.1007/s00170-022-10784-1
https://doi.org/10.1080/00224065.2011.11917841
https://doi.org/10.3390/polym14173667
https://doi.org/10.3390/polym15204169
https://doi.org/10.1080/0951192X.2021.1901313
https://doi.org/10.1016/j.matdes.2022.111449
https://doi.org/10.3390/app122412571
https://doi.org/10.24425/amm.2022.137776
https://doi.org/10.1088/1742-6596/2566/1/012071
https://doi.org/10.1007/s40799-019-00337-9
https://doi.org/10.1016/j.cirpj.2020.05.016

66

DREGELYI-KISS

[49]Babakan, A.M.; Davoodi, M.; Shafaie, M.;
Sarparast, M.; Zhang, H.: Predictive modeling of
porosity in AlSilOMg alloy fabricated by laser
powder bed fusion: A comparative study with RSM,
ANN, FL, and ANFIS, Int. J. Adv. Manuf. Technol.,

2023, 129(3-4), 1097—-1108, DOI: 10.1007/s00170-023-
12333-w

[50]Kumar, P.; Barua, P.B.; Gaindhar, J.L.: Quality
optimization (multi-characteristics) through
Taguchi’s  technique and utility concept,

Qual. Reliab.Eng. Int., 2000, 16(6), 475-485, DOL:
10.1002/1099-1638(200011/12)16:6<475::AID-
QRE342>3.0.C0;2-0

[511Wang, Y.; Zhao, Y.F.: Investigation of sintering
shrinkage in binder jetting additive manufacturing
process, Procedia Manuf., 2017, 10, 779-790,
DOI: 10.1016/j.promfg.2017.07.077

[52]Manjunath, A.; Anandakrishnan, V.; Ramachandra,
S.; Parthiban, K.: Experimental investigations on
the effect of pre-positioned wire electron beam

additive  manufacturing process parameters
on the layer geometry of titanium 6AI4V,
Mater. Today Proc., 2020, 21, 766772,

DOLI: 10.1016/j.matpr.2019.06.755
[53]Rojas, J.G.M.; Ghasri-Khouzani, M.; Wolfe, T.;
Fleck, B.; Henein, H.; Qureshi, A.J.: Preliminary
geometrical and microstructural characterization of
WC-reinforced NiCrBSi  matrix  composites
fabricated by plasma transferred arc additive
manufacturing through Taguchi-based
experimentation, Int. J. Adv. Manuf. Technol., 2021
113(5-6), 1451-1468, DOI: 10.1007/500170-020-06388-2
[54]Gorana, F.; Sahu, K.K.; Modi, Y.K.: Parameter
optimization for dimensional accuracy of fused
deposition modelling parts, Mater. Today Proc.,
2023, 78, 640—-646, DOI: 10.1016/j.matpr.2022.12.068
[55]Kuo, Y.; Yang, T., Huang, G.-W.: The use of a grey-
based Taguchi method for optimizing multi-
response simulation problems, Eng. Optimiz., 2008,
40(6), 517-528, DOI: 10.1080/03052150701857645
[56]Sibalija, T.V.; Majstorovi¢, V.D.: Advanced
multiresponse process optimisation (Springer,
Cham), 2016, DOIL: 10.1007/978-3-319-19255-0
[57]1Sahu, K.XK.; Modi, Y.K.: Multi response
optimization for compressive strength, porosity and
dimensional accuracy of binder jetting 3D printed
ceramic bone scaffolds, Ceram. Int., 2022, 48(18),
26772-26783, DOI: 10.1016/j.ceramint.2022.05.375

[58]Derringer, G.;  Suich, R.: Simultaneous
optimization of several response variables,
J. Qual. Technol., 1980, 12(4), 214-219,

DOI: 10.1080/00224065.1980.11980968

[59]Khorram, A.; Jamaloei, A.D.; Paidar, M., Cao, X.:
Laser cladding of Inconel 718 with 75Cr:C, +
25(80Ni20Cr) powder: Statistical modeling and
optimization, Surf. Coat. Technol., 2019 378,
124933, DOIL: 10.1016/j.surfcoat.2019.124933

[60]Mohanty, A.; Nag, K.S.; Bagal, D.K.; Barua, A.;
Jeet, S., Mahapatra, S.S.; Cherkia, H.: Parametric
optimization of parameters affecting dimension
precision of FDM printed part using hybrid
Taguchi-MARCOS-nature  inspired  heuristic
optimization technique, Mater. Today Proc., 2022,
50, 893-903, DOI: 10.1016/j.matpr.2021.06.216

[611Ma, B.; Zhang, N.; Zhang, Y.; Gao, X.: Welding
parameters effect and optimization on bead
geometry during arc additive manufacturing,

J. Phys. Conf. Ser., 2021, 1986(1), 012034,
DOI: 10.1088/1742-6596/1986/1/012034

[62]1Dev, S.; Srivastava, R.: Optimization of fused
deposition modeling (FDM) process parameters for
flexural strength, Mater. Today Proc., 2021, 44,
3012-3016, DOI: 10.1016/j.matpr.2021.02.436

[63]1Kim, N.; Bhalerao, I.; Han, D.; Yang, C.; Lee, H.:
Improving surface roughness of additively
manufactured parts using a photopolymerization
model and multi-objective  particle swarm
optimization, Appl. Sci., 2019, 9(1), 151,
DOI: 10.3390/app9010151

[64]Saad, M.S., Nor, A.M.; Zakaria, M.Z.; Baharudin,
M.E.; Yusoff, W.S.: Modelling and evolutionary
computation optimization on FDM process for
flexural strength using integrated approach RSM
and PSO, Prog. Addit. Manuf-, 2021, 6(1), 143—154,
DOLI: 10.1007/s40964-020-00157-z

[65]Mirjalili, S.; Mirjalili, S.M.; Lewis, A.: Grey wolf
optimizer, Adv. Eng. Softw., 2014, 69, 46-61,
DOI: 10.1016/j.advengsoft.2013.12.007

[66]Fountas, N.A.; Papantoniou, I.; Kechagias, J.D.;
Manolakos, D.E.; Vaxevanidis, N.M.: Modeling
and optimization of flexural properties of FDM-
processed PET-G specimens using RSM and
GWO algorithm, Eng. Fail. Anal., 2022, 138,
10634, DOI: 10.1016/j.engfailanal.2022.106340

[67]Shrestha, S.; Manogharan, G.: Optimization of
binder jetting using Taguchi method, JOM, 2017,
69(3), 491-497, DOI: 10.1007/s11837-016-2231-4

[68]Youheng, F.; Guilan, W.; Haiou, Z.; Liye, L.:
Optimization of surface appearance for wire and arc
additive = manufacturing of Bainite steel,
Int. J. Adv. Manuf. Technol., 2017, 91(1-4), 301—
313, DOLI: 10.1007/500170-016-9621-1

[69]Saqib, S.; Urbanic, R.J.; Aggarwal, K.: Analysis
of laser cladding bead morphology for developing
additive manufacturing travel paths,

Procedia CIRP, 2014, 17, 824-829, DOL
10.1016/j.procir.2014.01.098

[70]Cho, J.-S.; Lee, D.-H.; Seo, G.-J.; Kim, D.-B.; Shin,
S.-J.: Optimizing the mean and variance of bead
geometry in the wire + arc additive manufacturing
using a desirability function method, Int. J. Adv.

Manuf. Technol., 2022 120(11-12), 7771-7783,
DOI: 10.1007/s00170-022-09237-6

[71]1Geng, H.; Xiong, J.; Huang, D.; Lin, X.; Li, J.: A
prediction model of layer geometrical size in wire
and arc additive manufacture using response surface
methodology, Int. J. Adv. Manuf. Technol., 2017,
93(1-4), 175-186, DOIL: 10.1007/500170-015-8147-2

Hungarian Journal of Industry and Chemistry


https://doi.org/10.1007/s00170-023-12333-w
https://doi.org/10.1007/s00170-023-12333-w
https://doi.org/10.1002/1099-1638(200011/12)16:6%3c475::AID-QRE342%3e3.0.CO;2-0
https://doi.org/10.1002/1099-1638(200011/12)16:6%3c475::AID-QRE342%3e3.0.CO;2-0
https://doi.org/10.1002/1099-1638(200011/12)16:6%3c475::AID-QRE342%3e3.0.CO;2-0
https://doi.org/10.1016/j.promfg.2017.07.077
https://doi.org/10.1016/j.matpr.2019.06.755
https://doi.org/10.1007/s00170-020-06388-2
https://doi.org/10.1016/j.matpr.2022.12.068
https://doi.org/10.1080/03052150701857645
https://doi.org/10.1007/978-3-319-19255-0
file:///C:/Users/BMEK/Downloads/10.1016/j.ceramint.2022.05.375
https://doi.org/10.1080/00224065.1980.11980968
https://doi.org/10.1016/j.surfcoat.2019.124933
https://doi.org/10.1016/j.matpr.2021.06.216
https://doi.org/10.1088/1742-6596/1986/1/012034
https://doi.org/10.1016/j.matpr.2021.02.436
https://doi.org/10.3390/app9010151
https://doi.org/10.1007/s40964-020-00157-z
https://doi.org/10.1016/j.advengsoft.2013.12.007
https://doi.org/10.1016/j.engfailanal.2022.106340
https://doi.org/10.1007/s11837-016-2231-4
https://doi.org/10.1007/s00170-016-9621-1
https://doi.org/10.1016/j.procir.2014.01.098
https://doi.org/10.1016/j.procir.2014.01.098
https://doi.org/10.1007/s00170-022-09237-6
https://doi.org/10.1007/s00170-015-8147-2

DESIGN OF EXPERIMENTS AND OPTIMIZATION IN ADDITIVE MANUFACTURING 67

[72]Dinovitzer, M.; Chen, X.; Laliberte, J.; Huang, X.;
Frei, H.: Effect of wire and arc additive
manufacturing (WAAM) process parameters on
bead geometry and microstructure, Addit. Manuf.,
2019, 26, 138—146, DOI: 10.1016/j.addma.2018.12.013

[73]Herzog, D.; Seyda, V.; Wycisk, E.; Emmelmann,
C.: Additive manufacturing of metals, Acta Mater.,
2016, 117, 371-392, DOI: 10.1016/j.actamat.2016.07.019

[74]1Gong, G.; Ye, J.; Chi, Y.; Zhao, Z.; Wang, Z.; Xia,
G.; Du, X.; Tian, H.; Yu, H.; Chen, C.: Research
status of laser additive manufacturing for metal: a
review, J. Mater. Res. Technol., 2021, 15, 855884,
DOI: 10.1016/j.jmrt.2021.08.050

[75]Armstrong, M.; Mehrabi, H.; Naveed, N.: An
overview of modern metal additive manufacturing
technology, J. Manuf. Process., 2022, 84, 1001—
1029, DOL: 10.1016/j.jmapro.2022.10.060

[76] Alghamdi, S.,S.; John, S.; Choudry, N.R.; Dutta,
N.K.: Additive manufacturing of polymer materials:
Progress, promise and challenges, Polymers, 2021,
13(5), 753, DOI: 10.3390/polym13050753

[77] Alafaghani, A.; Qattawi, A.: Investigating the effect
of fused deposition modeling processing parameters
using Taguchi design of experiment method,

J. Manuf. Process., 2018, 36, 164-174,
DOI: 10.1016/j.jmapro.2018.09.025

[78]Garg, N.; Rastogi, V.; Kumar, P.: Process parameter
optimization on the dimensional accuracy of
additive manufacture Thermoplastic Polyurethane
(TPU) using RSM, Mater. Today Proc., 2022, 62,
94-99, DOI: 10.1016/j.matpr.2022.02.309

[79]1Bhardwaj, T.; Jain, P.; Singh, D.: Experimental
study on dimensional accuracy of freeform
fabricated thermoplastic polyurethane, IOP Conf.
Ser.: Mater. Sci. Eng., 2021, 1136, 012060,
DOI: 10.1088/1757-899X/1136/1/012060

[80]Camposeco-Negrete, C.; Varela-Soriano, J.; Rojas-
Carren, J.J.: The effects of printing parameters on
quality, strength, mass, and processing time of
polylactic acid specimens produced by additive
manufacturing, Prog. Addit. Manuf., 2021, 6(4),
821-840, DOI: 10.1007/s40964-021-00198-y

[81]Hyndhavi, D.; Babu, G.R.; Murthy, S.B.:
Investigation of dimensional accuracy and material
performance in Fused Deposition Modeling,

Mater. Today Proc., 2018, 5(11), 23508-23517,
DOI: 10.1016/j.matpr.2018.10.138

[82] Wankhede, V.; Jagetiya, D.; Joshi, A.; Chaudhari,
R.: Experimental investigation of FDMprocess
parameters using Taguchi analysis,
Mater. Today Proc., 2020, 27, 2117-2120,
DOI: 10.1016/j.matpr.2019.09.078

[83]Mahmood, S.; Qureshi, A.J.; Talamona, D.: Taguchi
based process optimization for dimension
and tolerance control for fused deposition
modelling, Addit. Manuf., 2018, 21, 183-190,
DOI: 10.1016/j.addma.2018.03.009

[84]Wang, Y.; Miiller, W.-D.; Rumjahn, A.; Schmidt,
F.; Schwitalla, A.D.: Mechanical properties of fused
filament fabricated PEEK for biomedical
applications depending on additive manufacturing
parameters, J. Mech. Behav. Biomed. Mater., 2021
115, 104250, DOI: 10.1016/j.jmbbm.2020.104250

[85]Mustafa, M.S.; Muneer, M.A.; Zafar, M.Q.; Arif,
M.; Hussain, G.; Siddiqui, F.A.: Process parameter
optimization for Fused Filament Fabrication
additive manufacturing of PLA/PHA biodegradable
polymer blend, Int. Polym. Process.,2022,37(1), 1—-
14, DOLI: 10.1515/ipp-2021-4115

[86] Thakur, A.; Vates, U.K.; Mishra, S.: Parametric
optimization of 3D-printed PLA part using
response surface methodology for mechanical
properties, Smart Sci., 2024, 12(1), 91-104,
DOI: 10.1080/23080477.2023.2270819

[87]Selvamani, S.K.; Rajan, K.; Samykano, M.; Kumar,
R.R.; Kadirgama, K.; Mohan, R.V.: Investigation of
tensile properties of PLA-brass composite using
FDM, Prog. Addit. Manuf., 2022, 7(5), 839-851,
DOI: 10.1007/540964-021-00255-6

[88]Barbosa, F.T.A.; Peruchi, R.S.; Junior, P.R.: Central
composite designs for optimization of the
energy factor in 3D printing, Manage. Admin.
Prof-  Rev., 2023, 14(10), 17798-17815,
DOI: 10.7769/gesec.v14i10.3000

[89]Hosseinzadeh, M.; Ghoreishi, M.; Narooei, K.: 4D
printing of shape memory polylactic acid beams: An
experimental investigation into FDM additive
manufacturing process parameters, mathematical
modeling, and optimization, J. Manuf. Process.,
2023, 85, 774—782, DOI: 10.1016/j. jmapro.2022.12.006

[90]1Dong, G.; Wijaya, G.; Tang, Y.; Zhao, Y.F.:
Optimizing process parameters of fused deposition
modeling by Taguchi method for the fabrication of

lattice structures, Addit. Manuf., 2018, 19, 62-72,
DOI: 10.1016/j.addma.2017.11.004

[91]Giilcan, O.; Giinaydin, K.; Tamer, A.: The
state of the art of material jetting - a critical
review,  Polymers, 2021, 13(16), 2829,
DOI: 10.3390/polym13162829

[92]Aslani, K.-E.; Korlos, A.; Kechagias, J.D.;

Salonitis, K.: Impact of process parameters on
dimensional accuracy of PolyJet 3D printed parts
using grey Taguchi method, MATEC Web Conf.,
2020, 318, 01015, DOI: 10.1051/matecconf/202031801015

[93]Chand, R.; Sharma, V.S.; Trehan, R.; Gupta, M.K.;
Sarikaya, M.: Investigating the dimensional
accuracy and surface roughness for 3D printed parts
using a multi-jet printer, J. Mater. Eng. Perform.,
2023, 32(3), 1145-1159, DOL: 10.1007/s11665-022-
07153-0

[94]Barclift, M.W.; Williams, C.B.: Examining
variability in the mechanical properties of parts
manufactured via polyjet direct 3D printing, 23"
Ann. Int. SFF Symp. - Addit. Manuf. Conf., 2012,
876—-890, DOLI: 10.26153/tsw/15397

[95]1Wei, X.; Bhardwaj, A.; Zeng, L.; Pei, Z.: Prediction
and compensation of color deviation by response
surface methodology for PolyJet 3D printing,

J. Manuf. Mater. Process., 2021, 5(4), 131,
DOI: 10.3390/jmmp5040131

52(1) pp. 55-70 (2024)


https://doi.org/10.1016/j.addma.2018.12.013
https://doi.org/10.1016/j.actamat.2016.07.019
https://doi.org/10.1016/j.jmrt.2021.08.050
https://doi.org/10.1016/j.jmapro.2022.10.060
https://doi.org/10.3390/polym13050753
https://doi.org/10.1016/j.jmapro.2018.09.025
https://doi.org/10.1016/j.matpr.2022.02.309
https://doi.org/10.1088/1757-899X/1136/1/012060
https://doi.org/10.1007/s40964-021-00198-y
https://doi.org/10.1016/j.matpr.2018.10.138
https://doi.org/10.1016/j.matpr.2019.09.078
https://doi.org/10.1016/j.addma.2018.03.009
https://doi.org/10.1016/j.jmbbm.2020.104250
https://doi.org/10.1515/ipp-2021-4115
https://doi.org/10.1080/23080477.2023.2270819
https://doi.org/10.1007/s40964-021-00255-6
https://doi.org/10.7769/gesec.v14i10.3000
https://doi.org/10.1016/j.jmapro.2022.12.006
https://doi.org/10.1016/j.addma.2017.11.004
https://doi.org/10.3390/polym13162829
https://doi.org/10.1051/matecconf/202031801015
https://doi.org/10.1007/s11665-022-07153-0
https://doi.org/10.1007/s11665-022-07153-0
https://doi.org/10.26153/tsw/15397
https://doi.org/10.3390/jmmp5040131

68

DREGELYI-KISS

[96]Zhuang, J.-R.; Lee, Y.-T.; Hsich, W.-H.; Yang, A.-
S.: Determination of melt pool dimensions using
DOE-FEM and RSM with process window during
SLM of Ti6Al4V powder, Opt. Laser Technol.,
2018, 103, 59-76, DOI: 10.1016/;.0ptlastec.2018.01.013

[97]Shi, G.; Li, L.; Yu, Z.; Liu, R.; Sha, P.; Xu, Z.; Guo,
Y.; Xi, R;; Liu, J.; Xin, R.; Chen, L; Wang, X.;
Zhang, Z.: The interaction effect of process
parameters on the phase transformation behavior
and tensile properties in additive manufacturing of
Ni-rich NiTi alloy, J. Manuf. Process., 2022, 77,
539-550, DOI: 10.1016/j.jmapro.2022.03.027

[98]Read, N.; Wang, W.; Essa, K.; Attallah, M.M.:
Selective laser melting of AISi10Mg alloy: Process
optimisation and mechanical properties
development, Mater. Des., 2015, 65, 417-424,
DOI: 10.1016/j.matdes.2014.09.044

[99]Miranda, G.; Faria, S.; Bartolomeu, F.; Pinto, E.;
Alves, N.; Peixinho, N.; Gasik, M.; Silva, F.S.: A
study on the production of thin-walled Ti6Al4V
parts by selective laser melting, J. Manuf- Process.,
2019, 39, 346355, DOI: 10.1016/j.jmapro.2018.12.036

[100] Wang, G.; Huang, L.; Liu, Z.; Qin, Z.; He,W_;
Liu, F.; Chen, C.; Nie, Y.: Process optimization and
mechanical properties of oxide dispersion
strengthened nickel-based superalloy by selective

laser melting, Mater. Des., 2020, 188, 108418,
DOI: 10.1016/j.matdes.2019.108418

[101] Dada, M.; Popoola, P.; Mathe, N.; Pityana, S.;
Adeosun, S.: Parametric optimization of laser
deposited high entropy alloys using response
surface methodology (RSM), Int. J. Adv.

Manuf. Technol., 2020, 109(9-12), 2719-2732,
DOI: 10.1007/s00170-020-05781-1

[102] Marrey, M.; Malekipour, E.; El-Mounayri, H.;
Faierson, E.J.: A framework for optimizing process
parameters in powder bed fusion (PBF) process
using artificial neural network  (ANN),

Procedia  Manuf., 2019, 34, 505-515,
DOI: 10.1016/j.promfe.2019.06.214

[103] Yang,B.;Lai, Y.; Yue, X.; Wang, D.; Zhao, Y.:
Parametric  optimization of laser additive
manufacturing of Inconel 625 using Taguchi
method and grey relational analysis, Scanning, 2020
2020, 9176509, DOI: 10.1155/2020/9176509

[104] Chryssolouris, G.; Kechagias, J.; Moustakas, P.;
Koutras, E.: An experimental investigation of the
tensile strength of parts produced by laminated
object manufacturing (LOM) process, Conf. CIRP J.
Manuf. Syst., 2003, 32(5), 319-322

[105] Janaki Ram, G.D.; Yang, Y.; Stucker, B.E.:
Effect of process parameters on bond formation
during ultrasonic consolidation of aluminum alloy

3003, J. Manuf. Syst., 2006, 25(3), 221-238,
DOI: 10.1016/S0278-6125(07)80011-2

[106] Doodi, R.; Balamurali, G.: Experimental and
analytical investigation of bio-inspired lattice
structures under compressive loading, Eng. Res.

Express, 2023, 5(3), 035035, DOI 10.1088/2631-
8695/aceedl

[107] Temiz, A.: The effects of process parameters on
tensile characteristics and printing time for masked
stereolithography components, analyzed using the
response surface method, J. Mater. Eng. Perform.,
2023, DOI: 10.1007/s11665-023-08617-7

[108] Zhou, J.G.; Herscovici, D.; Chen, C.C.
Parametric process optimization to improve the
accuracy of rapid prototyped stereolithography
parts, Int. J. Mach. Tools Manuf-, 2000, 40(3), 363—
379, DOLI: 10.1016/S0890-6955(99)00068-1

[109] Andjela, L.; Abdurahmanovich, V.M.
Vladimirovna, S.N.; Mikhailovna, G.I.; Yurievich,
D.D., Alekseevna, M.Y.: A review on Vat
Photopolymerization 3D-printing processes for
dental application, Dent. Mater.,2022,38(11), 284—
296, DOI: 10.1016/j.dental.2022.09.005

[110] Liu, M.; Mee, RW.; Zhou, Y.: Augmenting
definitive screening designs: Going outside

the box, J. Qual. Technol., 2023, 55(3), 289-301,
DOI: 10.1080/00224065.2022.2128 946

Hungarian Journal of Industry and Chemistry


https://doi.org/10.1016/j.optlastec.2018.01.013
https://doi.org/10.1016/j.jmapro.2022.03.027
https://doi.org/10.1016/j.matdes.2014.09.044
https://doi.org/10.1016/j.jmapro.2018.12.036
https://doi.org/10.1016/j.matdes.2019.108418
https://doi.org/10.1007/s00170-020-05781-1
https://doi.org/10.1016/j.promfg.2019.06.214
https://doi.org/10.1155/2020/9176509
https://doi.org/10.1016/S0278-6125(07)80011-2
https://doi.org/10.1088/2631-8695/aceed1
https://doi.org/10.1088/2631-8695/aceed1
https://doi.org/10.1007/s11665-023-08617-7
https://doi.org/10.1016/S0890-6955(99)00068-1
https://doi.org/10.1016/j.dental.2022.09.005
https://doi.org/10.1080/00224065.2022.2128946

DESIGN OF EXPERIMENTS AND OPTIMIZATION IN ADDITIVE MANUFACTURING

69

5. Appendix: Ishikawa diagrams
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Figure 2. Possible factors for the critical-to-quality (CTQ) characteristics of BJT additive manufacturing

Faeding

*Matzria

\ Melting point  Composition
i /!

Faed rate

‘Wire/powdar

Feeding angle Y Y
Feading position Feading diraction  Substrate x Themmal conductivity Powder size and distribution

Time

‘Wirz/Powder

Mozzie's angle Centar gas oype Bzam current Bzam forus  Wawelength  Pulse width
Cocling rate Preheating Working dis@nce  ppren heam Ay / ! / Laser
Tamne - Scanning stratagy \. \\
emperaturs ! A s = Accelerated voltage Spot size  Power
Substrate Power Spotsize
Equipment / ri Arc
Zzam fotus

Emerngy source type

Figure 3: Possible factors for the critical-to-quality (CTQ) characteristics of DED additive manufacturing
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Figure 4: Possible factors for the critical-to-quality (CTQ) characteristics of MEX additive manufacturing
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Figure 5: Possible factors for the critical-to-quality (CTQ) characteristics of MJT additive manufacturing
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Figure 6: Possible factors for the critical-to-quality (CTQ) characteristics of PBF additive manufacturing
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Figure 7: Possible factors for the critical-to-quality (CTQ) characteristics of SHL additive manufacturing
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Figure 8: Possible factors for the critical-to-quality (CTQ) characteristics of VPP additive manufacturing
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