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Abstract

Material extrusion (MEX) is a widely used additive manufacturing process to construct 3D parts in various industries. The
productive use of MEX depends on understanding the effect of process parameters on product quality metrics such as dimen-
sional accuracy, mechanical properties, energy consumption, build cycle time, and material utilization, which are crucial
for the adoption of additive manufacturing process. To date, the studies in the related literature focus on a limited number
of process parameters of MEX, a restricted set of key performance indicators (KPIs) for produced 3D parts, or assume a
linear relationship between process parameters and KPIs. This study investigates the impact of process parameters including
extrusion nozzle temperature, infill pattern, infill percentage, build orientation, layer thickness, and printing speed on seven
KPIs defined for the MEX process: (1) energy consumption, (2) build cycle time, (3) material consumption, (4) mechanical
properties, and geometric accuracy based on (5) flatness, (6) thickness deviation, and (7) root mean square (RMS) using
non-contact measurement techniques. For this purpose, it employs a systematic experimental design methodology and para-
metric and non-parametric statistical analysis methods. The insights gained from this study aim to contribute to the parameter
optimization of the MEX process for enhanced sustainability and efficiency in additive manufacturing.

Keywords Additive manufacturing (AM) - Fused deposition modeling (FDM) - 3D printing - 3D point cloud - Design of
experiments

1 Introduction

Additive manufacturing (AM) is defined as “a process of
joining materials to make parts from 3D model data, usu-
ally layer upon layer, as opposed to subtractive manufac-
turing and formative manufacturing methodologies” [1]. In
recent years, AM has gained significant popularity due to
its capacity to easily fabricate complex objects, eliminate
the need for specialized tooling, minimize material waste,
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and its wide-ranging applications in engineering, medical
sciences, construction, aeronautics, automotive, etc. [2, 3].

AM technologies can be categorized into three primary
construction techniques: sintering or fusion of powder,
solidification of a liquid, and deposition of material. Each
category comprises different methods that cater to specific
materials and applications [4]. Examples of these technolo-
gies include fused deposition modeling that is a common
material extrusion process, stereolithography apparatus,
electron beam melting, laminated object manufacturing,
etc. [5-7]. Among them, fused deposition modeling (FDM)
is the most popular and widely used type of desktop mate-
rial extrusion technology due to some advantages such as
low cost, ease of use in a laboratory or office environment,
reduction of material waste, and the ability to print complex
objects in different colors and materials [8, 9].

The FDM technology operates on a simple working
principle: melting plastic and depositing it layer by layer
to form a three-dimensional object, designed using CAD
software and saved in a standard format like STL (stereo-
lithography) or OBJ (Object). Slicing software converts the
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STL file into necessary instructions (G-code) for the FDM
printer to follow.

In contrast, the FDM technology comprises numerous
printing process parameters that significantly influence the
quality characteristics of parts produced. These parameters
affect various aspects of the part, such as dimensional accu-
racy, mechanical properties, energy consumption, build
cycle time, and material utilization. For instance, incorrect
processing parameters may lead to unintended porosity. In
addition, mechanical properties may undergo modifications,
residual stresses could result in deformation, and there might
be greater consumption of raw materials and energy.

For this reason, many studies investigate the process
parameters that influence the quality characteristics of parts
produced by the FDM technology, which will be discussed
in Sect. 2. It should be noted that while some of these studies
focus on a limited number of FDM process parameters, the
others focus on a few response characteristics related to key
performance indicators (KPIs). In addition to that, many of
these studies consider linear relationships among the FDM
process parameters. Therefore, further studies are required to
produce parts with stable characteristics. Hence, this study
aims to explore the effect of a broader range of the FDM
process parameters (factors) including extrusion nozzle tem-
perature, infill pattern, infill percentage, build orientation,
layer thickness, and printing speed on selected KPIs, i.e.,
energy consumption, build cycle time, material consump-
tion, mechanical properties, and geometric accuracy (i.e.,
flatness, thickness deviation, and root mean square) using a
systematic design of experiments approach.

The rest of this article unfolds as follows: a literature
review is presented in Sect. 2, covering the impact of pro-
cess parameters on geometry, energy consumption, and
mechanical properties, as well as methods for identifying
the impact of process parameters on process performance
and product quality in AM process. The methodology used
is given in Sect. 3, which covers the sample preparation,
materials used, machinery involved, and measurement tools
and software used for collecting data. Section 4 describes
the experimental study and statistical data analysis tools.
The analysis of the experimental results are presented in
Sect. 5. Finally, Sect. 6 presents conclusions and future
research directions.

2 Literature review

This section presents a comprehensive review of the exist-
ing studies on the FDM technology. Prior studies have
primarily focused on assessing either the mechanical per-
formance, geometric accuracy, or energy consumption of
the FDM technology. However, it is crucial for end-users
to understand process parameters and their impact on both
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mechanical and geometric accuracy as well as energy con-
sumption in the FDM technology. To address the research
gaps, the literature review is presented based on different
aspects: (1) energy consumption, (2) geometric accuracy,
(3) mechanical properties, and (4) methods for measuring
product quality for the AM process.

2.1 Energy consumption

Most of the studies in the related literature handle energy
consumption in the AM process using a variety of modeling
approaches. For example, Peng et al. [10] report that the layer
thickness, infill ratio, and printing speed are the most influ-
ential factors on surface roughness and energy consumption;
and higher printing speed could reduce energy consumption
while maintaining good surface roughness. Mognol et al. [11]
conduct experiments with different parameter levels, includ-
ing part orientations and positions in the AM process, and
conclude that minimizing manufacturing time is essential for
reducing energy usage in the AM process.

Paul et al. [12] consider component shape, slice thick-
ness, build orientation, and energy usage, and show that slice
thickness is inversely related to total laser energy for manu-
facturing the component, and part orientation affects laser
energy depending on the part shape. Also, Feng et al. [13].
conclude that worktable temperature and layer thickness sig-
nificantly influence the energy demand of the FDM process.
Dunaway et al. [14] focus on the effect of surface shape on
energy usage and report a positive correlation between com-
ponent surface area and energy consumption. More recently,
El Youbi et al. [15] examine various parameters that affect
energy consumption during 3D printing: extrusion speed,
extrusion temperature, total filament usage, infill percentage,
layer thickness, printing orientation, expected printing time,
and the number of layers. They conclude that optimizing the
printing orientation minimizes energy consumption during
the printing process.

2.2 Geometric accuracy

Accurate dimensioning is a vital characteristic of functional
parts, which can be affected by the process parameters of
the FDM technology. Several researchers conduct exten-
sive studies to explore how process parameters can impact
the dimensional accuracy of printed parts. Lanzotti et al.
[16] analyze the impact of three deposition factors (layer
thickness, deposition speed, and flow rate) on the dimen-
sional inaccuracy of parts made by the FDM technology
and suggest an optimal combination of these parameters to
enhance the dimensional accuracy of 3D printed parts. Sood
et al. [17] investigate the impact of five process parameters
including layer thickness, orientation, raster angle, raster
width, and air gap, and their interactions on dimensional
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deviations in 3D printed parts, and report that layer thick-
ness is the primary factor affecting both width and thickness
deviations, and build orientation is the most significant fac-
tor on length variations.

Qattawi et al. [18] examine the effect of build orienta-
tion, infill density, print speed, layer thickness, infill pattern,
and extrusion temperature on dimensional accuracy, and
conclude that the factors such as build orientation, extru-
sion temperature, and layer height have a higher impact on
dimensional accuracy than the other factors. Raju et al. [19]
find that layer thickness and build orientation affect surface
quality. Nidagundi et al. [20] examine surface roughness
and find that a 0.1-mm layer thickness, 0° build orientation,
and 0° raster orientation result in optimal surface rough-
ness. Beniak et al. [21] study the impact of layer thickness
and extrusion temperature on dimensional accuracy and
reveal that extrusion temperature plays a more crucial role
in achieving dimensional accuracy and a lower extrusion
temperature is preferable for better results.

Additionally, the geometric accuracy of parts is assessed
using the progress in 3D measurement systems. These
systems have facilitated the application of 3D point cloud
data for quality inspection across diverse manufacturing
processes. Numerous studies explore the utilization of 3D
point cloud data gathered from parts to evaluate the accu-
racy of part geometry inspection [22]. Significant research
efforts focus on inspecting the accuracy of part geometry
using 3D point cloud data. For example, Lanzotti et al.
[16] identify the most appropriate combination of process
parameters using 3D point cloud analysis to achieve the
desired quality of parts. Cameron et al. [23] examine the
maxillary CD base accuracy with (labial) 0°, 15°, 45°,
60°, and 90° build orientations. Their most precise denture
base is labial 45-90° construction orientation. Khanzadeh
et al. [24] suggest a novel approach to identify the various
types of geometric deviation in parts using self-organizing
maps based on the 3D point cloud. Tian et al. [25] utilize
3D map deviations by measuring the minimum distance
between each point cloud and the nominal geometry to
minimize energy consumption while meeting the qual-
ity standards. Also, a study found that over 93% of scans
were within 2 mm of manual measurements, confirming
its high accuracy for clinical applications [26]. These find-
ings emphasize the importance of proper calibration and
controlled scanning conditions, which are also critical for
accurate geometric validation in 3D printing. Similar to
how 3D scanning is used in mechanical machining for qual-
ity inspection, its application in additive manufacturing is
equally vital. Ensuring the dimensional accuracy of 3D
printed parts requires precise point cloud data comparison
with CAD models, as demonstrated by Cezarina Afteni
et al. [27]. This approach enables fast, accurate quality con-
trol and reduces errors in production.

2.3 Mechanical properties

The effect of various factors on the mechanical prop-
erties of parts made by the FDM technology is also
addressed by researchers. Chacon et al. [28] present how
build orientation, layer thickness, and feed rate affect the
mechanical performance of polylactic acid (PLA) structures,
and reveal that on-edge and flat orientations exhibit higher
strength and stiffness than upright orientation. Rayegani
et al. [29] identify the most effective combination of process
parameters that maximize the tensile strength of 3D printed
parts made of acrylonitrile butadiene styrene (ABS). They
report that the tensile strength of printed parts takes its high-
est value when the layer thickness, build orientation, raster
width, and air gap are set to their minimum levels. Moham-
mad et al. [30] present an experimental study to investigate
the effect of different infill patterns (linear, diamond, and
hexag- onal) and infill densities, and find that tensile strength
and elastic modulus improve as the infill density increases.

2.4 Methods for identifying factors affecting
product quality and process performance
in the AM process

This section provides an overview of design of experiments
(DoE) approaches applied to the AM process to identify key
process parameters and investigate their impact on part qual-
ity. Many researchers utilize DoE approach in their studies
to analyze the various aspects of the AM process. Based on
the process parameters, KPIs, and DoE methods/tools used, a
summary of those studies are presented in Tables 1, 2 and 3.
As seen in Table 1, resolution, build orientation, and printing
speed are the parameters that have been mostly studied, and
infill pattern, shell thickness, flow rate, air gap, and contour
width are considered by only a few studies in the related lit-
erature. It should be noted that 2—5 process parameters (fac-
tors) are included in the experimental studies [15, 29, 31, 32].
Besides, Francisco et al. [33] conduct a parametric study on
the classical additive 3D-printing settings for conductive fila-
ments in applications for high-frequency topologies.

Our study considers six process parameters that are widely
referenced in the literature, making it one of the most com-
prehensive studies in this field. As observed in Table 2, in
which the methods/tools used to design the ex- periments
are displayed, the full factorial design and the analysis of
variance (ANOVA) methods are widely used in the related
literature. The studies us- ing these methods assume a linear
relationship between process parameters and KPIs; however,
in our study, nonlinear relationships are also incorporated
into the analysis through central composite design (CCD)
including center and axial points. Table 3 displays the KPIs
considered in the literature, including energy consumption,
dimensional accuracy, mechanical performance, build time,
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Table 1 Summary of literature on AM process parameters
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Table 2 Summary of literature on methods/tools used for identifying the impact of the FDM process parameters
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and material consumption. Among them, energy consump-
tion, dimensional accuracy, and mechanical performance are
frequently studied. In addition to those performance indica-
tors, we also incorporate build cycle time and material con-
sumption into our analysis.

It is essential to elaborate on some of the studies given
in Tables 1, 2 and 3. Nancharaiah et al. and Emmanuel [34,
35] apply Taguchi’s design of experiments methodology to
examine the effect of factors such as layer thickness, raster
width, raster orientation, and air gap on the dimensional accu-
racy of 3D printed parts. Based on their experimental design,
ANOVA reveals that raster width and raster orientation are
the most significant factors affecting dimensional accuracy.
Deng et al. [32] conduct experiments also based on Tagu-
chi’s methodology and demonstrate conditions for achieving
optimal tensile strength, which include a high print speed, a
low layer thickness, and an elevated extrusion temperature.
Gurrala et al. [31] utilize a full factorial design to investigate
the effect of factors such as layer thickness, raster angle, ras-
ter width, build orientation, and contour width on the con-
struction time of 3D printed parts. Their results reveal that
orientation plays a crucial role in minimizing the build cycle
time. It is noted that increasing thickness, raster angle, contour
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width, and raster width reduces the build cycle time, while

an increase in orientation leads to a longer build cycle time.
It is noteworthy to state that our study distinguishes itself

from previous research by the following characteristics:

e An integrated framework is developed, which mod-
els product quality and process performance metrics
by quantifying the impact of AM process parameters,
including (i) extrusion nozzle temperature, (ii) infill pat-
tern, (iii) infill percentage, (iv) build orientation, (v) layer
thickness, and (vi) printing speed.

e The proposed model evaluates product quality based on
four KPIs including (i) mechanical properties and geo-
metric accuracy including (ii) flatness, (iii) thickness
deviation, and (iv) root mean square (RMS); and three
KPIs defined for the process performance of MEX: (i)
energy consumption, (ii) build cycle time, and (iii) mate-
rial consumption.

¢ Non-contact type measurement technique is used to char-
acterize the geometric accuracy of 3D printed parts by
extracting the 3D point cloud via CT scan.

e We develop a DoE framework in which we demonstrate
how a systematic experimental design methodology can
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Table 3 Summary of literature on KPIs (quality metrics for 3D parts)

Reference Energy Dimensional Mechanical ~ Build Cycle Material
Consumption Accuracy Performance Time Consumption
[10] v v Surface - - -
[11] v - - - -
[12] v - - - -
[14] v v Surface - - -
[15] v - - - -
[16] - v RMS - - -
[24] - v Thickness; Flatness - - -
[25] v v Out-of-Tolerance Percentage; Thickness - - -
[28] - - v Tensile Test - -
[29] - - v Tensile Test - -
[30] - - v Tensile Test - -
[34] - v Dimension - - -
[32] - - v Tensile Test - -
[31] - - - v -
Our study v v RMS; Flatness; Thickness Deviation V' Tensile Test M v

be utilized to comprehensively investigate the impact of
numerous process parameters and their interactions on the
selected KPIs, ensuring optimal acquisition of information.

e The proposed framework considers the non-linear rela-
tionships between FDM process parameters and employs
parametric and non-parametric approaches to analyze
collected data through the DoE framework.

3 Methodology
3.1 Experimental framework
The framework of the experimental methodology employed

in this study is illustrated in Fig. 1. The first stage includes
designing specimens for experiments using Siemens NX-12
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3D printing with specified test conditions while simultane-
ously recording energy consumption data using an energy
monitoring device during the FDM process. Then, a com-
puted tomography (CT) scan is performed to obtain 3D
point cloud data and characterize the geometric accuracy
of the 3D printed parts. The resulting 3D point cloud and
nominal data (computer-aided design or CAD) are ana-
lyzed using software inspections, such as GOM inspec-
tions and control X inspections, to compare deviations in
overall geometric accuracy. Finally, this data is imported
into a statistical software to identify the significant factors
on related KPIs.
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3.2 Designing and fabricating specimens

In this study, a specimen (Type 1BA) is modeled based on
EN ISO 527-2:1996 (Plastics: Determination of Tensile
Properties) standard [36], which is deemed appropriate
for the experiments and for the CT scan workspace. To
improve the geometric accuracy of the analysis, a cylindri-
cal hole is incorporated into the grab section of the speci-
men to make it realistically complex. There is a large set
of different shapes that could be considered in this study.
However, given the numerous parameters involved, which
complicate data collection and analysis, a fundamental
shape was chosen to maintain feasibility. This selection
ensures a case that still allows for analyzing the impact
of a specific shape on geometric accuracy. This selection
ensures a case that still allows for analyzing the impact of
a specific shape on geometric accuracy. All specimens are
printed using polylactic acid (PLA) and fabricated using a
MakerBot Replicator printer that employs fused filament
fabrication printing technology. The printer is equipped
with one extruder with a nozzle diameter of 0.4 mm (0.015
in) and has a layer resolution range of 100-400 microns.
The 3D printing process utilizes PLA filaments with a
diameter of 1.75 mm. After the conversion of the CAD
file to a Standard Tessellation Language (STL) file, the
STL is imported into the MakerBot software that is used
to control the printing parameters. To ensure consistency
across all experiments, certain manufacturing settings (pro-
cess parameters) were held-constant. Table 4 presents these
process parameters used during fabrication.

Table 4 Held-constant process parameters for specimen fabrication
using the MakerBot Replicator printer

Fixed process parameters Value
Base Layer Raft
Printing Mode Balanced
Number of Shells 2 shells
Number of External Brims 5
Number of Internal Brims 5

Fan Speed 95%

Fig.2 (a) The scanned part
(mesh), (b) 3D point cloud, and
(¢) specimen dimensions
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3.3 Data collection for the key performance
indicators (KPls)

3.3.1 Energy consumption, build cycle time, and material
consumption data

In our experiments, we utilize the EKM-Omnimeter, which
is directly connected to the 3D printer to measure the total
energy consumed in real time during the FDM process.
Additionally, we assess two key performance indicators:
build cycle time (BCT) and material consumption (MC).
Build cycle time (BCT) refers to the total time required to
fabricate a single part, from the start of the printing process
to its completion. This metric is recorded directly from the
3D printer and using a stopwatch for accuracy. Once printing
is complete, material consumption (MC)—the total amount
of filament used to fabricate the part—is measured using
an Intelligent-Lab™ Milligram Balance scale with an accu-
racy of 0.001 g—the weight of the specimen is expressed
in grams.

3.3.2 CT scan and 3D point cloud data

The compact desktop CT exaCT S is used to collect the point
cloud data to characterize the geometric accuracy of the 3D
printed samples with a resolution of 100 um. The scans can
be saved as STL, OBJ, or 3D point cloud files. Figure 2
shows a scanned part (mesh) and 3D point cloud, obtained
by a data collection process.

3.3.3 Dimensional accuracy data

Dimensional accuracy refers to the degree to which a
part’s dimensions match its design specifications. Geo-
metric dimensioning and tolerancing (GD&T), a symbolic
language for communicating permissible deviations of
manufactured parts from a precise part model, is used to
address a crucial aspect of quality control in manufactur-
ing industry. In this study, ISO 1101-2012 (Geometrical
product specifications-Geometrical tolerancing) standard
[37] is followed to measure basic GD&T features that
describe the part’s formal features including thickness
and flatness. In addition to these features, another KPI
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is used to identify the geometric accuracy: the root mean
square (RMS).

The RMS is a measure that evaluates the difference
between the point cloud and the CAD model, which is
calculated as:

ey

where n represents the total number of points and D, repre-
sents the distance between the correlated points of the real
part and nominal CAD model. Figure 3 illustrates how devi-
ations between the point cloud and the intended CAD model
evolve. If the part is smaller than the intended CAD model
in a certain direction, the deviation is negative, represented
by blue color. On the other hand, if the part is larger than the
intended CAD model in a particular direction, the deviation
is positive, represented by red color.

3.3.4 Mechanical properties data

In this study, the mechanical properties of the FDM parts
are considered through a tensile test. The specimens are
tested using an 858 material testing machine to determine
their tensile strength. The test is conducted at a constant
speed of 0.15 mm/s at room temperature and real-time data

is collected during the process. To ensure data accuracy,
stresses are calculated based on the actual dimensions of
each specimen and any dimensional errors through an aver-
age of three measurements. This methodology is employed
to ensure that the calculated mechanical properties are as
precise and reliable as possible.

4 Experimental setup

In this section, a comprehensive overview of our design of
experiments approach is provided. Firstly, a summary of
the selected process parameters as controllable factors and
key performance indicators (KPIs) as responses are given.
Secondly, the design of experiments method is presented.
Finally, the approaches used to analyze the data collected
through the experimental study are briefly explained.

The selection of controllable factors and responses is
determined based on the literature and presented in Tables 5
and 6. A distinctive aspect of our framework is its joint con-
sideration of a set of significant factors and KPIs to enable
a comprehensive understanding of their interrelationships.

The use of design of experiments (DoE) approach to
investigate the relationship between controllable factors
(process parameters) and responses (KPIs) in the AM stud-
ies has become a widely used approach in recent years.

[mm]

0.2500

0.2000

— 0.1500

—1 0.1000

—1 0.0500

= 0.0000

—1-0.0500

—1-0.1000

-0.1500

-0.2000

-0.2500

Fig.3 Deviation map between the point cloud and CAD model for 4 out of 120 samples, with a tolerance of 0.25 mm
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Table 5 Controllable factors (process parameters) and responses
(KPIs) used in our design of experiments framework

Controllable factors Responses (KPIs)

Nozzle temperature Energy consumption

Infill pattern Build cycle time
Infill percentage Material consumption
Layer resolution Thickness deviation
Build orientation Root mean square (RMS)
Printing speed Flatness

Mechanical properties

However, the studies considering the DoE approach are
mostly limited by their focus on a small subset of the AM
process parameters and the underlying assumption of linear-
ity in factor effects. To address these limitations, we employ
a central composite design for our experiment, which allows
us to investigate the possible non-linear relationship between
controllable factors and responses.

Our approach involves two stages: the first stage employs
a half-fractional factorial design with center points that are
added to check if there is any indication of quadratic effects
(i.e., to test for curvature or if the second-order terms are

Table 6 Definitions and measurement methods for the KPIs

required). If the curvature test is significant, the design used
in the first stage is augmented with axial points (star points)
to estimate the parameters of a second-order model. The
resulting design is called as central composite design, which
is extensively used in building second-order response sur-
face models [38].

Each controllable factor, given in Table 5, has two basic
levels (also known as corner points in a 2* factorial design),
which are presented in Table 7 as “Low” and “High” levels.
The initial design built in the first stage is chosen as a half-
fractional factorial design with Resolution VI and defining
relation /=ABCDEF. Since we have six factors, the half-
fractional factorial design has 2= =32 runs. We perform
two replications of corner points and add 8 center points
for each replication in which all quantitative factors are set
halfway between the low and high levels. Thus, we have 80
runs (32 X2+ 8x2=280) in our initial design.

For the second stage, if the curvature is significant for a
certain KPI, we augment the initial design with axial runs
to obtain a central composite design. After augmenting the
design with 8 center points, the resulting number of runs
becomes 120 (80 initial runs + 32 axial runs+ 8 center
runs). The chosen low and high levels, center points, and
the levels calculated for axial runs are presented in Table 7

KPI Definition

Measurement method

Energy consumption
including idle and active phases
Build cycle time
part, from start to finish
Material consumption
part
Tensile strength
being stretched before breaking
Flatness
perfectly flat plane
Thickness deviation
thickness of the printed part

Root mean square (RMS) Overall geometric accuracy metric, quantifying devia-

Total electrical energy used during the printing process,
Total time required to complete the printing of a single

Total mass of material (PLA filament) used to print the

Maximum stress a printed part can withstand while

Deviation of the top surface of the printed part from a

Measured in real-time using an EKM-Omnimeter con-
nected to the 3D printer

Recorded directly from the 3D printer’s software and veri-
fied with a stopwatch

Measured using an “Intelligent-Lab” Milligram Balance
scale (accuracy: 0.001 g)

Tested using an 858 material testing machine at a constant
speed of 0.15 mm/s

Measured using 3D point cloud data from CT scans,
analyzed in GOM Inspect software

Difference between the designed thickness and the actual Measured using 3D point cloud data, with deviations

calculated against the CAD model
Calculated using Eq. (1) in Sect. 3.3.3, based on 3D point

tions between the printed part and the CAD model cloud data
Table 7 Controllable factors. Levels
(process parameters) and their
chosen levels Factor Axial point Low Central High Axial point
X1: Nozzle temperature (°C) 185 200 215 230 245
X2: Infill pattern Diamond Linear
X3: Infill percentage (%) 10% 30% 50% 70% 90%
X4: Layer resolution (mm) 0.2 0.3 0.4 0.5
X5: Build orientations On-Flat Upright
X6: Printing speed (mm/s) 45 60 75 90
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while we keep all the manufacturing settings that were used
to fabricate the specimens using the MakerBot Replicator
printer. Based on each factor setting of the runs defined in
both first and second-stage designs, a part is printed by a 3D
printer and all KPIs are calculated for that part. The order
in which the runs are conducted is completely randomized.
To analyze the data collected through these runs, we use
both parametric and nonparametric statistical methods. The
parametric approach, which is based on the analysis of vari-
ance (ANOVA), is utilized to determine significant factors
and their main and interaction effects on KPIs. However, it
should be noted that the results from ANOVA are reliable
when its assumptions (i.e., normality, homoscedasticity, and
independency) are met. In situations where the assumptions
of ANOVA are not satisfied, we apply a nonparametric
approach, which is based on association analysis, to iden-
tify the frequent variable interactions (rules) based on the
predictions generated by random forest. We also benefit from
the ANOVA results, which give us a common sense about
the relationship between the condition and the result (i.e.,
the process parameters and KPIs), to evaluate the exception
rules, which have a high confidence and high lift but low
support [39], generated by the association analysis.

In the nonparametric approach, firstly, a random forest algo-
rithm for classification is employed to generate an ensemble
of trees, also known as a forest, by using RStudio software.
Secondly, the generated tree ensemble is analyzed to extract
and summarize the classification rules. A rule refers to an
expression of the form X— Y, where X and Y are independ-
ent sets (XNY=¢J). A rule in a dataset is extracted based on
three commonly used measures: support, confidence, and lift.
Support measures the frequency of a rule in a specific data set,
while confidence assesses how frequently the item in Y appears
in transactions that include X. Lift is used to ensure the rules
are statistically significant. Finally, the resulting rules are eval-
uated based on their support, confidence, and lift. An extracted
rule is accepted when support and confidence exceed predeter-
mined thresholds (in this study, it is defined as 0.05 and 0.75
for support and confidence, respectively), and lift is far from 1
[39]. At this stage, identifying the appropriate threshold val-
ues to derive meaningful rules becomes challenging. Raising
these threshold values decreases the number of rules extracted
but yields more distinct patterns. In this study, we first obtain
a general understanding of patterns in data obtained through
the ANOVA before performing the association analysis. Using
this information, along with an assessment of the number and
relevance of the extracted rules at various threshold levels—
essentially through a trial and error process—we establish the
threshold values for support and confidence as given above
[39]. For extracting rules, we follow the procedure defined in
[39]. In this context, first, we transform the response values of
KPI’s for each run in the experimental design into three cat-
egories, as shown as an example in Table 8. Second, we apply

the association analysis to extract rules based on the random
forest algorithm. The results are presented in Sect. 5.

5 Results and discussion

In this section, the results obtained from the analysis of experi-
mental data are presented. The ANOVA is conducted using
Minitab software and the association analysis is performed
using RStudio software. The results are provided for each KPI
as follows:

5.1 Energy consumption

Firstly, we study the impact of process parameters on energy
consumption. Based on the ANOVA table and the residual
plots presented in Appendix A, it can be inferred that all
assumptions of the ANOVA are satisfied after a square root
transformation is applied to the response data. Since there is
no lack-of-fit (p-value =0.812> 0.05), curvature is not signifi-
cant (p-value =0.067 > 0.05), and R*-adjusted is high enough
(84.55%), we conclude that the first-order model fits our data,
and there is no need to add axial runs to the experiment.

Considering the ANOVA table in Appendix A, it is
observed that the significant factors are build orientation,
layer resolution, nozzle temperature, and infill percentage on
the response (amount of energy consumption). These factors
have a major impact on the energy consumption of the FDM
process in our study. For the build orientation, the energy con-
sumption is reduced to its maximum value when printing parts
in the upright position, whereas it significantly decreases when
printing parts are in the flat orientation. In addition to build
orientation, layer resolution also has a significant impact on
energy consumption. As observed in the analysis, when the
layer resolution is set to its low level (i.e., 0.2 mm), the energy
consumption is higher, and when the layer resolution is set to
its high level (i.e., 0.3 mm), the energy consumption decreases
significantly. A similar inference can also be observed for noz-
zle temperature and infill percentage.

In Fig. 4, it can be observed that two-factor interaction
effects of (i) build orientation and nozzle temperature, (ii)
layer resolution and printing speed, (iii) build orientation
and layer resolution, (iv) infill percentage and infill pattern,
(v) nozzle temperature and infill percentage, and (vi) layer
resolution and infill percentage are significant. For example,
considering the interaction of layer resolution and printing
speed, the interaction plot in Fig. 4 shows that when the layer

Table 8 Defined categories for

Flatness Category
flatness response values

[0, 0.25] Low (L)

[0.25, 0.5] Medium (M)

>0.5 High (H)
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resolution is set to the low level and the printing speed is
set to the high level, the energy consumption is higher than
when the printing speed is set to the low level. By contrast,
when the layer resolution is set to the high level and the
printing speed is set to the low level, the energy consumption
is higher than when the printing speed is set to the high level.
However, the layer resolution has more impact on the energy
consumption when it interacts with the printing speed. Also,
observing the interaction of nozzle temperature and infill
percentage, it can bee seen that when the infill percentage
is set to the high level, the energy consumption is mostly
unaffected by changes in the nozzle temperature, whether it
is at the low or the high level. When the infill percentage is
set to the low level, a different pattern is observed: setting
the infill percentage to the low level results in a reduction
in energy use.

Furthermore, considering the interaction of layer resolu-
tion and infill percentage, when the layer resolution is set to
the low level, changing the level of infill percentage from
low to high does not have a significant effect on the energy
consumption. However, a different pattern arises when the
layer resolution is set to the high level; the energy consump-
tion increases when the infill percentage increases. The
previous studies of [9, 10] also support these findings. As
expected, the energy consumption has a positive correlation
with time. So, when looking at the results, we find that layer
resolution and infill percentage correlate with time. At the

low level of layer resolution, a high infill percentage will
take longer time to build the printed part, consequently lead-
ing to greater energy consumption. Similarly, a high extru-
sion nozzle temperature results in more energy consumption.

5.2 Tensile strength

Secondly, we study the impact of different process
parameters on the tensile strength of the parts made by
the FDM process. After running the initial design (frac-
tional factorial design augmented with center points), in
ANOVA output given in Appendix B, it is observed that
the first-order model does not fit the data (lack-of-fit with
p-value =0.00> 0.05, no curvature with p-value =0.3>0.05,
and Rz-adjusted =64.24%). In addition, no data transforma-
tion works for fitting a good model. Therefore, an associa-
tion analysis was conducted with three response categories,
as shown in Table 9. The results obtained by RStudio are
given in Appendix B.1. Based on these results, the rules
given in Table 10 are extracted.

As given in Table 8, when the build orientation is in
the upright position, the tensile strength is predicted to
fall within the range of 18 to 28 MPa, which remains the
same when it interacts with the printing speed at a high
level. However, when it is in the on-flat position, the tensile
strength increases and becomes greater than 28 MPa. On the
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other hand, when the infill percentage is set to the high level
and the layer resolution to the low level, the tensile strength
is predicted to be greater than 28 MPa. These findings are in
line with the observational studies [28, 30] noted in Sect. 2.
It is observed that stress levels in the on-flat orientation can
be attributed to the tension force being applied perpendicular
to the layer deposition direction, which results in a higher
strength, as found out in this study. Conversely, lower ten-
sile strength is observed when the tension force is applied
parallel to the layer deposition in the upright orientation. As
expected, mechanical properties are improved with higher
infill percentages, which provide additional material to take
the loads during tensile testing.

5.3 Build cycle time

Thirdly, build cycle time is considered in this study as another
KPI, which is defined as single process cycle that a part (a
specimen in our experiment) is built by successive joining of
material within the build space of the AM system [1]. After
running the initial design for this KPI (fractional factorial
design augmented with center points), a curvature is observed
based on the ANOVA output. Therefore, we perform the cen-
tral composite design in which axial runs are added to the
initial fractional factorial design. Based on the ANOVA table
and the residual plots given in Appendix C, it is observed
that the second-order model does not meet the assumptions
of the ANOVA even after a transformation is applied to the
response data. Therefore, we conduct the association analysis
with three response categories, as shown in Table 11.

The results obtained through the association analysis are
given in Appendix C.1. Based on these results, the rules
given in Table 12 are extracted. It is observed that when
the build orientation is in on-flat position, the build cycle
time is predicted to be less than 15 min (low category). This

Table 9 Defined categories for

result is expected since on-flat printing reduces part height
and requires fewer layers. Since the FDM technology adds
material layer by layer, fewer layers reduce printing time. In
contrast, upright printing maximizes part height, and more
layers mean longer printing time. However, when it is in an
upright position, the build cycle time increases by an amount
depending on the level of other factors. When the build ori-
entation is in an upright position, the infill percentage is set
to the high level (50% or 70%, i.e., greater than or equal to
50%), the layer resolution is set to the low level (0.2 mm),
and the build cycle time is predicted to be greater than
25 min. This is because a higher infill percentage involves
depositing a larger volume of material, leading to longer
printing time; but when the layer resolution is set to the high
level (0.3 mm or 0.4 mm, i.e., greater than or equal 0.3 mm),
the build cycle time decreases and is predicted to fall within
the range of 15 to 25 min. The reason for this reduction is
that a higher layer resolution means fewer layers are needed
for the same object height, which compensates for the time
added by the high infill. Besides, when the build orientation
is in an upright position and the printing speed is set to the
high level (60 mm/s or 75 mm/s, i.e., greater than or equal to
60 mm/s), the build cycle time is also predicted to fall within
the range of 15 to 25 min. This is because the extrusion noz-
zle moves faster across the build surface (printing area), i.e.,
deposits the material more quickly.

5.4 Material consumption

Fourthly, we study the impact of the process parameters
on material consumption. Based on the ANOVA table and
the residual plots given in Appendix D, it is observed that
the first-order model does not fit the data well (since R>-
adjusted, 68.96% is not satisfactory, though there is no
lack-of-fit with p-value =0.247 >0.05 and no curvature with

Table 11 Defined categories

St MP Cat i i
tensile strength response values ress(MPa) Teeoy for build cycle time response Time (mins) Low @)
[0, 18] Low (L) values [0, 15] Low (L)
[18, 28] Medium (M) [15,25] Medium (M)
>28 High (H) >25 High (H)
Table 10 Rules extracted for tensile strength response
Model Rule  Sup Conf  Lift Condition Prediction
accuracy - - - - — for stress
Build orientations Infill percentage Layer resolution Printing speed
82.50% 1 042 0.84 1.86  Upright - - - M
2 025 097 2.16  On-flat - - - H
3 0.07 091 2.03  Upright - - High level M
4 005 100 222 - High level Low level - H
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Table 12 Rules extracted for build cycle time response

Model Rule  Sup Conf Lift Condition Prediction
accuracy - - - - — for time
Build orientations  Infill percentage  Layer resolution  Printing Speed
92.50% 1 0.29 1 223 On-flat - - - L
2 0.07 1 5.46 Upright High level Low level - H
3 0.06 1 2.69 Upright High level High level - M
4 0.05 0.95 2.55 Upright - - High level M
o 5.5 Root mean square
Table 1 3 Defined (}ategones for Weight (mg) Category
material consumption response
values [0, 1.9] Low (L) Fifthly, geometric accuracy is considered in this study as
[1.9, 2.2] Medium (M) another KPI. One of the indicators we study for geomet-
S92 High (H) ric accuracy is root mean square (RMS), which is defined

p-value =0.604 > 0.05). In addition to that, since no data
transformation works for a model fitted the data well. There-
fore, we conduct the association analysis with three response
categories, as shown in Table 13. The results obtained by
RStudio are given in Appendix D.1. Based on these results,
the rules given in Table 14 are extracted.

It is observed that when the infill percentage is set to the
high level (50% or 70%, i.e., greater than or equal to 50%)
and the infill pattern is considered as linear, the material
consumption is predicted to be greater than 2.2 mg (high
category). Besides, when the infill percentage is set to the
high level (50% or 70%, i.e., greater than or equal to 50%)
and the extrusion nozzle temperature is set to the low level
(200 °C), the material consumption is predicted to be greater
than 2.2 mg. On the other hand, the material consumption
is predicted to be less than 1.5 mg under two conditions: (1)
when the build orientation is in the on-flat position or (2) the
infill percentage and the layer resolution are set to the low
levels (30% and 0.2 mm, respectively). Besides, we observe
that the infill percentage is the mutual factor for the out-
comes, as expected. The infill percentage clearly defines the
amount of material that fills the interior of the print. More
material is employed to build a denser product with a higher
infill percentage (like 50% or 70%), which raises the weight.

Table 14 Rules extracted for material consumption response

in Sect. 3.3.3. After running the initial fractional factorial
design, which included center points, the ANOVA results
indicated that there is a curvature. To address this, a cen-
tral composite design is applied by adding axial runs to the
initial design. Based on the ANOVA table and the residual
plots given in Appendix E, it is observed that the second-
order model does not meet the assumptions of the ANOVA.
In addition to that, since no data transformation works for a
model fitted the data well, we conduct the association analy-
sis with three response categories, as shown in Table 15.
The results obtained by RStudio are given in Appendix
E.1. Based on these results, the rules given in Table 16 are
extracted.

It is observed that when the build orientation is in on-flat
position or the printing speed is set to the high level (i.e.,
greater than or equal to 60 mm/s), the RMS is predicted to
fall within the range of 0.08 to 0.09. However, when the build
orientation is in upright position and the printing speed is set
to the low level (45 mm/s), the RMS decreases and takes a
value less than 0.08. The previous studies also support these
conclusions [16, 23]. These results can be explained by the
fact that increasing printing speed might generate vibrations
or shaking, which can slightly alter material deposit. Also,
at high printing speed, the extruder may not deposit enough
material, causing extrusion irregularities that can impair
printed part dimensions and shape, and vice versa.

Model Rule  Sup Conf Lift Condition Prediction
accuracy - - - - for material
Build orientations ~ Infill percentage  Layer resolution  Infill pattern Nozzle temperature .
consumption
95% 1 0.13 1 3.88 High level Linear H
2 0.09 0.81 1.25  On-flat - L
3 006 1 1.54 Low level Low level - L
4 0.06 0.88 341 High level - Low level H
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Table 15 Defined categories for

RMS Category
RMS response values

[0, 0.08] Low (L)

[0.08, 0.09 Medium (M)

>0.09 High (H)

5.6 Flatness

The second indicator of geometric accuracy studied in this
study is the flatness of the produced part. After running the
initial design, and based on the ANOVA table in Appen-
dix F, the first-order model does not fit the data well (since
there is a lack-of-fit with p-value =0.000 < 0.05, the data
is nonnormal with p-value =0.005 < 0.05; however, there
is no curvature with p-value =0.434 >0.05). In addition to
that, since no data transformation works for a model fit-
ted the data well, we conduct the association analysis with
three response categories, as shown in Table 17. The results
obtained by RStudio are given in Appendix F.1. Based on
these results, the rules given in Table 18 are extracted.

It is observed that when the build orientation is in upright
position and the layer resolution is set to the high level (i.e.,
greater than or equal 0.3 mm), the flatness is predicted to
be greater than 0.50; however, when the layer resolution is
set to the low level (0.2 mm), the flatness decreases. The
lowest values attained for flatness, which is less than 0.25,
is obtained when the build orientation is in on-flat position
and the layer resolution is set to the low level (0.2 mm). It
should be noted that the previous studies [19, 20] show sup-
porting conclusions. This can be explained by the fact that a
higher layer resolution results in a smoother surface, as more
layers are used to form the shape, the visibility of layer lines
decreases and the staircase effect on printed part reduces.

5.7 Thickness deviation

The last indicator of geometric accuracy studied is the thick-
ness deviation. After running the initial design (fractional
factorial design augmented with center points), a curvature
is observed based on the ANOVA output. We perform the
central composite design in which axial runs are added to the
initial fractional factorial design. Based on the ANOVA table
and the residual plots given in Appendix G, it is observed

Table 17 Defined categories for

RMS Category
flatness response values

[0, 0.25] Low (L)

[0.25, 0.50] Medium (M)

>0.50 High (H)

that the second-order model does not meet the assump-
tions even after a transformation is applied to the response
data. Therefore, we conduct the association analysis with
three response categories, as shown in Table 19. The results
obtained by RStudio are given in Appendix G.1. Based on
these results, the rules given in Table 20 are extracted.

It is observed that when the infill percentage is set to the
high level (i.e., greater than or equal to 50%), the thickness
deviation is predicted to fall within the range of 0.55 to 075.
When layer resolution is set to the high level (0.4 mm), the
thickness deviation is predicted to be greater than 0.75 mm.
However, when the layer resolution is set to the high level
(0.4 mm) and the infill percentage is set to the low level (30%),
the thickness deviation is predicted to be greater than 0.75 mm.

6 Conclusions

This study presents a comprehensive framework to provide
a deeper understanding on the impact of an extensive set
of process parameters and their interactions on product
quality and process performance in the FDM process. The
process parameters considered are extrusion nozzle tem-
perature, infill pattern, infill percentage, build orientation,
layer thickness, and printing speed. Their impact is mod-
eled on seven key performance indicators (KPIs), includ-
ing energy consumption, build cycle time, material con-
sumption, mechanical properties, and geometric accuracy
(flatness, thickness deviation, and root mean square). We
employ a systematic design of experiments approach and
make inferences based on the ANOVA in which we obtain
the main and interaction effects of process parameters, and
the association analysis based on the random forest algo-
rithm to extract rules. We also explore the possible non-
linear relationships between FDM process parameters in
our approach. The main outcomes of this study can be
summarized as follows:

Table 16 Rules extracted for

Model accuracy  Rule Sup Conf  Lift Condition Prediction
RMS response for RMS
Build orientations  Printing speed
92.50% 1 0.14  0.89 102 On-flat - M
2 0.1 0.92 1.25 - High level M
3 009 1 1 Upright Low lvel L
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Table 18 Rules extracted for

Table 20 Rules extracted for

Model accuracy Rule Sup  Conf Lift Condition Prediction
flatness response for flatness
Build orientations Layer resolution
82.25% 1 0.167 1 34 Upright High Level H
2 0.126 1 22 Upright Low Level M
3 0.123 1 3.7 On-flat Low Level L
4 0.101 1 22 On-flat High Level M
Table 19 Defined categories Thickness Devia. Category o Fir}ally, the puild orie'ntation signiﬁcantl?f impacts Fhe
for thickness deviation response tion (mm) build cycle time. Specifically, when the build orientation
values is in the on-flat position, the predicted time is less than
[0, 0.55] Low (L) 15 min (low category). In contrast, the upright orienta-
[0.55, 0.75] Medium (M) tion generally increases the build cycle time, with a time
20.75 High (H) exceeding 25 min when we set the infill percentage to

Several interaction effects between different factors are
significant on the energy consumption of the FDM pro-
cess. The most notable effects are (i) the interaction of
layer resolution and printing speed, (ii) the interaction
of nozzle temperature and infill percentage, and (iii)
the interaction of layer resolution and infill percentage.
It is observed that the tensile strength of printed parts is
affected by the build orientation. It takes different values
depending on the position, i.e., upright or on-flat.
Considering the geometric accuracy, the interaction effect
of infill percentage and layer resolution is significant on
the flatness defined under the geometric accuracy. The
factors significant on the thickness deviation are the infill
percentage, the nozzle temperature, and the interaction
of nozzle temperature and layer resolution.

One of the most interesting findings of this study is that
the build orientation, the printing speed, and their inter-
actions are significant on the root mean square (RMS).
Specifically, the RMS notably decreases when the build
orientation is in the upright position and the printing
speed is set to the low level.

The build orientation, the infill pattern, the interactions
of (i) infill percentage and infill pattern, (ii) infill percent-
age and layer resolution, and (iii) infill percentage and
nozzle temperature are found significant on the material
consumption.

the high level and the layer resolution to the low level.
Increasing the layer resolution reduces the build cycle
time in the upright orientation.

These conclusions offer valuable insights for improving

the performance of MEX process and the quality of 3D
printed parts. By incorporating a wide range of factors and
their interactions, we demonstrate results that go beyond
the conclusions provided by small-scale experiments. A
deeper understanding of the effects of different factors and
their interactions can enable manufacturers to make deci-
sions on how to enhance energy efficiency, reduce build
cycle time, minimize material waste, and improve dimen-
sional accuracy in 3D printing.

As a future research direction, first, the experimental study

can be expanded to find optimal factor (process parameters)
settings for each response variable (KPIs). Second, a multiple
response optimization approach can be considered for achiev-
ing a balanced compromise among the KPIs to improve the
performance and reliability of FDM 3D printers. However,
one limitation of this study is that the findings can be geom-
etry-dependent. The results obtained regarding mechani-
cal properties, geometric accuracy, energy consumption,
and build cycle time are based on a specific test specimen
geometry. Changes in component geometry, such as complex
curved surfaces or overhanging structures, may lead to differ-
ent outcomes. However, the method proposed herein would
not change based on the geometry and could be repeated for
the geometry of interest as demonstrated in this paper.

X o Model Rule  Sup Conf  Lift Condition Prediction for
thickness deviation response accuracy . thickness-Dev
Infill percentage Layer resolution
83.75% 1 0.1 1 1.2 High level - M
2 006 075 6.82 - High level H
006 1 9.09 Low level High level H
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