. machines

Article

Artificial Neural Network-Based Structural Analysis of
3D-Printed Polyethylene Terephthalate Glycol Tensile Specimens

Athanasios Manavis, Anastasios Tzotzis

check for
updates

Academic Editor: Kai Cheng

Received: 27 December 2024
Revised: 12 January 2025
Accepted: 21 January 2025
Published: 23 January 2025

Citation: Manavis, A.; Tzotzis, A.;
Firtikiadis, L.; Kyratsis, P. Artificial
Neural Network-Based Structural
Analysis of 3D-Printed Polyethylene
Terephthalate Glycol Tensile
Specimens. Machines 2025, 13, 86.
https://doi.org/10.3390/
machines13020086

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

, Lazaros Firtikiadis *© and Panagiotis Kyratsis *

Department of Product and Systems Design Engineering, University of Western Macedonia,
50100 Kila Kozani, Greece; a.manavis@uowm.gr (A.M.); a.tzotzis@uowm.gr (A.T.); Lfirtikiadis@uowm.gr (L.F.)
* Correspondence: pkyratsis@uowm.gr

Abstract: Materials are a mainstay of both industry and everyday life. The manufacturing
and processing of materials is a very important sector as it affects both the mechanical
properties and the usage of the final products. In recent years, the increased use of 3D print-
ing and, by extension, its materials have caused the creation of gaps in terms of strength
that require further scientific study. In this study, the influence of various printing parame-
ters on 3D-printed specimens made of polyethylene terephthalate glycol (PETG) polymer
was tested. More specifically, three printing parameters were selected—infill, speed, and
type—with three different values each (50%, 70%, and 90%), (5 mm/s, 20 mm/s, and
35 mm/s) and (Grid, Rectilinear, and Wiggle). From the combinations of the three param-
eters and the three values, 27 different specimens were obtained and thus, 27 equivalent
experiments were designed. The measurements were evaluated, and the process was
modeled with the Artificial Neural Network (ANN) method, revealing a strong and robust
prediction model for the tensile test, with the relative error being below 10%. Both infill
density and infill pattern were identified as the most influential parameters, with the Wiggle
type being the strongest pattern of all. Additionally, it was found that the infill density acts
increasingly on the strength, whereas the printing speed acts decreasingly.

Keywords: artificial neural network; fused filament fabrication; PETG; tensile testing;
3D printing

1. Introduction

The Fused Filament Fabrication (FFF) technology is one of the most well-known addi-
tive manufacturing (AM) technologies. Thanks to its ability to create unusual geometries
in a relatively short time and at low cost, it finds application in many areas of industry,
from the manufacture of wearables [1], furniture [2], functional components [3], and even
architectural structures [4]. More and more studies are being carried out and dealing with
the technology of FFF. It is either compared to conventional production methods (injection
molding), or the potential and limitations of the mechanical properties of its materials
are tested. Depending on the desired result through 3D printing, different materials are
used. The most popular of these are PLA, ABS, and TPU [5-7], while in recent years,
efforts have been made to recycle and reuse these materials (PLA-r and ABS-r) [8-11].
Additionally, a thermoplastic elastomer increasingly used in 3D printing is polyethylene
terephthalate glycol (PETG). The main concern of the researchers is the improvement of
additive manufacturing technology, with the specific material, for its more effective and
wider use.

During studies, for the control and validity of the tests, the researchers relied on ASTM
standards, applying well-known methods such as Taguchi [12], K-means cluster, or the
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finite element method (FEM) [13]. The most common optimization procedures that will
be mentioned in the following studies focus on tensile, compression, and bending tests
(as well as their combination) for the PETG material. Hanon et al. [14] investigated the
mechanical properties of polyethylene terephthalate glycol (PETG) in tensile test specimens.
The parameters of the print concerned its orientation (in the X, Y, and Z axes), the direction
angles of the raster, five different patterns, and their percentage of filling. After the tensile
tests, the resulting diagrams were studied to draw conclusions. Ozen et al. [15] studied
the properties of the PETG material in order to understand its characteristics. The control
samples were based on the ISO 527-2 [16] and ASTM D3039 [17] standards and were tested
in two ways. First, they were tested digitally through the finite element method (FEM)
and then through tensile testing, after being manufactured with 3D printing technology.
Dolzyk et al. [18] examined the anisotropy of the mechanical properties of polyethylene
terephthalate glycol (PETG) through tensile tests. The main parameter studied was the
representation of the raster orientations. The results of their strength and elasticity proved
that PETG shows little anisotropy and competitive mechanics compared to other materials
used in 3D printing.

Colmenero et al. [19] studied the mechanical properties of PETG during compression
tests. With the ISO-604 [20] standard and an innovative structural design, based on the CTE
standard, the mechanical strength of the samples was evaluated according to their printing
direction. Depending on their construction directions, on the X, Y, and Z axes, different
deformations and resistances during their uniaxial compression loads were observed. At
the same time, in comparison with the numerical measurements, PETG was found to be
an isotropic material. Corresponding research results, which study the isotropy of PETG
during the compression test, are available in the literature [21,22].

Aberoumand et al. [23] studied PETG samples with bending tests and drew some
conclusions about this polymer material. Its behavior under this control method, in terms
of shape recovery and self-shaping, largely depends on the parameters set (mainly the
temperature and the printing speed). Durgashyam et al. [24] investigated the strength
of the printed PETG polymer in bending and tensile testing. Specific parameters were
taken into account to find the effectiveness of the controls. Fill density, feed rate, and layer
thickness were selected. In parallel with the use of analysis of variance (ANOVA), the
optimal values for the mechanical properties of the material were obtained.

Additionally, due to the increasing demand for synthetic PETG for greater efficiency,
the mechanical properties of the material were also investigated, with reinforcement from
other materials, such as PGA and glass fibers [25,26]. Alarifi et al. [27] used carbon fibers to
enhance the mechanical properties of PETG. The properties were tested in terms of tension,
bending, and compression. The 3D printing parameters chosen were pattern, fill rate, and
layer thickness. It is important for the research that the numerical simulation carried out
was consistent with the experimental results. Valvez et al. [28] performed compression
tests on PETG polymer material reinforced with carbon fibers and aramid fibers. The
specific materials are suitable for use in the automotive and aeronautical sectors. Their
mechanics were altered, strongly reducing the resistance to compression and compressive
displacements. Valvez et al. [29] focused on the optimization of printing parameters, aiming
to maximize the mechanical properties of PETG reinforced with plant fibers and aramid
fibers in a bending test. The printing parameters selected were printing speed, layer height,
nozzle temperature, and fill percentage. In addition, the Taguchi method was followed for
the experiments, while the analysis of variance (ANOVA) proved the validity of the results.
Ranganathan et al. [30] dealt with the type of filling pattern in PETG specimens reinforced
with carbon fibers. Through the tensile, bending, and hardness tests, the optimal filling
pattern was found among mesh, straight, honeycomb, and cubic. In this way, the possibility
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of using the reinforced polymer in various components is highlighted. Moreover, the use
of sodium chlorate powder helps to improve the mechanical properties of parts that are
3D-printed with the PETG polymer material. More specifically, to achieve this, samples
with 100% filling and a different printing direction were placed in a space with sodium
chloride powder. The results after heat treatment showed a significant improvement in
tensile and compressive strength. Moreover, the evaluation of the internal structures in
SEM proved the same [31,32].

In addition, beyond the research on the mechanical properties of reinforced PETG
with other materials, PETG was also compared with the most popular materials that are
used in 3D printing (PLA, ABS, PC, and ASA). Tensile, compression, and bending tests
are carried out under specific conditions and printing parameters in order to have more
accurate data of the 3D printing materials for their possible applications in the improved
manufacturing quality of parts [33-36]. Finally, an application of using the PETG polymer
material could be the creation of 3D-printed furniture joints [37]. In parallel with the design
method of parametric design, it is possible to generate alternative geometries of parts
through parameters that would be defined by the user. The number and positions of the
links could be generated through an automated process [38,39].

Even though numerous studies related to the mechanical property evaluation of 3D-
printed specimens are available, a literature survey revealed that the majority of these
studies are based on statistical methodologies or FEM tools. Therefore, a gap in the
methodology implementation was identified, enabling the utilization of the Artificial
Neural Network (ANN) method. In this study, the degree of influence of specific printing
parameters on the tensile strength of 3D-printed specimens was investigated. Infill, Speed,
and Type were the selected printing parameters. In the Infill parameter, the values were
set to 50%, 70%, and 90%; in the Speed parameter, the parameters were 5 mm/s, 20 mm/s,
and 35 mm/s. Finally, for the Type parameter, the values were set to Grid, Rectilinear,
and Wiggle.

2. Material and Methods
2.1. Study Workflow

In this study, tensile specimens were printed using 3D printing and were then tested
and evaluated. Specifically, three printing parameters were selected in order to change
their values. Printing parameters play an important role in the strength of the final printed
objects. Based on the three levels of the different values selected, the combinations of
settings were printed in each specimen separately. The workflow of the study is based on
the following five stages:

(a) Selected material;

(b) Selected 3D printer;

(c) Specimens;

(d) Tensile test;

(e) Artificial Neural Network (ANN) modeling.

At this point, a detailed description is given for each of the five stages of the study.
The following information is illustrated in Figure 1.

(@) The material chosen in the study was PETG: EVO (NEEMA3D™, Athens, Greece). It
is a polyethylene terephthalate glycol polymer with a filament diameter of 1.75 mm.
According to the manufacturer, the tensile strength is measured at 50 MPa, while its
net weight is 1.27 g/cc.

(b) The 3D printer used in the study was the CreatBot™ D600 Pro (Henan Creat-
bot Technology Limited, Zhengzhou, China). The printing area is relatively large
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(©

(d)

(e)

Experimental setup

(X' =600 mm, Y = 600 mm, and Z = 600 mm). This particular printer is of the closed
type; as a result, it maintains stable conditions during printing. A significant advan-
tage over smaller printers is that the large printing area allows for the construction of
all specimens at the same time.

Based on three different values for each of the three printing parameters, 27 different
specimens were constructed. Each specimen used a different combination of values of
the variable parameters. For the increased reliability of the study, the 27 specimens
with different combinations were printed twice so that the measurement results could
be evaluated according to the average of each pair.

The printed specimens were tested in tensile stress to measure their strength. Specif-
ically, the Instron™ 3345 universal testing machine (Instron, Norwood, MA, USA)
was used in the tests. The maximum tension that the machine can exert is 5 kN,
while the available space for specimens has a height of 1123 mm. According to the
manufacturer, the maximum and minimum speed of the grips are 500 mm /min and
0.05 mm/min, respectively.

The results of the tensile tests were evaluated using an Artificial Neural Network
(ANN) model. ANNSs are structures used for processing parallel distribution data.
The mode of operation of this specific mathematical model is based on the mode of
operation of the human brain. ANN modeling accepts data, processes them, and
finally outputs the results of the analysis.

a| Selected material c| Specimens d|  Tensile test
— ~ |

PETG: EVO NEEMA3D™

—————

b| Selected 3D printer

k CreatSot
]

CreatBot™ D600 Pro

e —

e Artificial Neural Network (ANN) modelling

Figure 1. Experimental workflow.

The specimen’s geometry was created using a general purpose three-dimensional

CAD (computer-aided design) software. The dimensions of the specimen were based on
type 1 of the ASTM D638 t1 standard [40]. The basic dimensions of the specimen were
165 mm, 19 mm, and 3.2 mm for the X, Y, and Z axes. The size of the area to be tested had
dimensions of 57 mm, 13 mm, and 3.2 mm. The vertical area according to the direction of

the tensile force was 41.6 mm? (13 mm x 3.2 mm = 41.6 mm?). The main dimensions of the

specimen from two different angles are presented in Figure 2.
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The ASTM D638 t1 standard
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Figure 2. The dimensions of the specimen.

As previously stated, 3D printing necessitates the specification of various parame-
ters/settings, including temperature, speed, and layer height. These parameters influence
the final printing output. In this study, the focus was on controlling three specific printing
parameters, which means that for the rest of the parameters, specific values were assigned.
Table 1 presents the set of constant printing parameters used. The initial parameter was
the layer height, which was set at 0.2 mm. This refers to the thickness of each layer in
the print, with 0.2 mm being the average value utilized. The second parameter was the
extrusion temperature, which is the temperature at which the material melts. The value of
the extrusion temperature was set to 240 °C. The third parameter was the bed temperature,
which pertains to the temperature of the print bed. A value of 80 °C was selected. Both the
extrusion temperature and bed temperature were established according to the specifications
provided by the material manufacturer. The fourth parameter was cooling, which was
set to 100%. Cooling is the percentage speed of the fan blowing over the printed material.
Finally, the fifth parameter was shell thickness, which was set at 1.2 mm. This parameter
indicates the thickness of the wall, which is a multiple of the nozzle diameter. Given that
the nozzle diameter was 0.6 mm, the two perimeter paths on the wall resulted in a total
thickness of 1.2 mm. The last printing parameter was support structures, which were not
utilized based on the chosen geometry.

Table 1. Parameters for the PETG printing process.

Parameters Value Unit
Layer Height 0.2 mm
Extrusion Temperature 240 °C
Bed Temperature 80 °C
Cooling 100 Yo
Shell Thickness 1.2 mm
Support Structures N/A -

At this stage, the three printing parameters chosen for the experimentation will be
presented. More specifically, Infill, Speed, and Type were the parameters altered during the
experiments (Table 2). The first two parameters were quantitative; thus, numerical values
were used. In contrast, the third parameter was qualitative, so various printing techniques
based on geometric references were used, rather than numerical expressions.



Machines 2025, 13, 86

6 of 14

e  The Infill parameter expresses the filling percentage of the printed specimens. A
specimen with a full filling percentage is defined with a value of 100%. The values
used in the Infill parameter were 50%, 70%, and 90%.

e The Speed parameter expresses the speed at which the nozzle will move when it
extrudes the material; it is measured in millimeters per second (mm/s). The values
used in the Speed parameter were 5 mm/s, 20 mm/s, and 35 mm/s.

o  The Type parameter expresses the type of Infill geometry. In this study, the types used
were Grid, Rectilinear, and Wiggle.

These parameters were selected because of their combination, which is typical and well
established for this material; parameters such as wiggle pattern are available in only a few
slicing softwares, at least to our knowledge, and therefore have not been adequately studied.

Table 2. Specimen printing parameters.

Parameters Value 1 Value 2 Value 3
Infill (%) 50 70 90
Speed (mm/s) 5 20 35

Type Grid Rectilinear Wiggle

Figure 3 illustrates how the three types of Infill are woven. In all instances, the infill
percentage is set at 70%. The Type is represented in orange, while the green area represents

the base of the geometry.

Types (Infill types)

Grid Rectilinear Wiggle

Figure 3. The three different types of infill (Grid, Rectilinear, and Wiggle).

2.2. ANN Modeling

The Artificial Neural Network (ANN) technique draws inspiration from the biological
brain and is utilized for learning processes. It consists of a network formed by a series
of nodes, termed artificial neurons, which are organized into layers and interconnected,
akin to biological neurons. External inputs to the system are processed, transformed, and
then produced as outputs. Typically, an ANN includes an input layer, a hidden layer, and
an output layer. Nodes in the input layer simply relay information to the hidden layer
without performing any computations, whereas the hidden layer conducts all necessary
calculations on the input data and transfers the results to the output layer.

Subsequently, the output layer receives and delivers the processed information. An
activation function is applied to the model to determine which neurons are activated at
any given time. This function assesses the importance of an input through mathematical
operations. Each neuron possesses two attributes—weight and bias. The primary role of
the activation function is to convert the sum of the weighted inputs into a value that can
either be forwarded to another hidden layer or output as the final result.
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In the present study, a shallow network was developed for prediction purposes. The
aim was to determine the structural strength of the supporting parts used in the furniture
industry during the design process. The selected method constitutes a reliable and accurate
tool for this purpose.

3. Results and Discussion
3.1. Experimental Data

The specimens of both groups (27 + 27) were measured separately for tensile strength.
The results of the measurements are the maximum force exerted on each specimen, which
was measured in N (Newton). Based on the total measurements, the averages of each pair
of specimens were calculated to obtain the stresses o in MPa. The calculation of the stress o
was achieved through the following expression:

F(kN)
U= (mm?) (MPa)

where A is the vertical surface according to the applied force.

The calculations resulted in the average stress o for each specimen, respectively. Table 3
presents the data of each specimen (Infill, Speed, and Type), the maximum force applied in
N, and the stress o in MPa.

Table 3. The tensile testing results.

Infill (%) Speed (mm/s) Type oa (MPa) op (MPa) o (MPa)
1 50 5 Grid 28.82 27.25 28.04
2 50 20 Grid 26.45 25.57 26.01
3 50 35 Grid 25.27 25.93 25.65
4 70 5 Grid 35.70 35.94 35.82
5 70 20 Grid 33.18 32.28 32.73
6 70 35 Grid 29.91 29.87 29.89
7 90 5 Grid 40.75 40.66 40.71
8 90 20 Grid 31.15 31.13 31.14
9 90 35 Grid 28.58 28.09 28.33
10 50 5 Rectilinear 26.21 28.42 27.32
11 50 20 Rectilinear 26.56 27.90 27.22
12 50 35 Rectilinear 27.05 27.81 27.42
13 70 5 Rectilinear 32.68 34.15 3341
14 70 20 Rectilinear 31.12 32.25 31.68
15 70 35 Rectilinear 33.35 34.21 33.79
16 90 5 Rectilinear 42.63 42.11 42.37
17 90 20 Rectilinear 40.14 40.90 40.52
18 90 35 Rectilinear 39.67 40.83 40.25
19 50 5 Wiggle 34.08 34.28 34.18
20 50 20 Wiggle 38.77 35.33 37.06
21 50 35 Wiggle 37.96 35.65 36.80
22 70 5 Wiggle 44.81 41.76 43.28
23 70 20 Wiggle 45.78 42.63 44.19
24 70 35 Wiggle 44.49 42.78 43.62
25 90 5 Wiggle 51.56 48.11 49.82
26 90 20 Wiggle 50.83 47.51 49.16
27 90 35 Wiggle 44.65 46.23 4543
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The mean effect plot provides insight into how the three 3D printing parameters
influence the tensile strength (s in MPa) of the 3D-printed specimens (Figure 4). Regarding
infill density (%), it was observed that the tensile strength increases as the infill density
increases from 50% to 90%. At 50% infill, the average tensile strength was around 30 MPa,
which was the lowest point. At 70% infill, the average tensile strength rose to approximately
36 MPa, whereas at 90%, the average tensile strength peaked at about 41 MPa. A higher
infill density led to a greater tensile strength because there was more solid material in
the printed specimen, which enhanced its load-bearing capacity. On the contrary, the
average tensile strength seemed to decrease as the printing speed increased from 5 mm/s
to 35 mm/s. At5 mm/s, the average tensile strength was around 37 MPa. At 20 mm/s, the
average tensile strength dropped slightly to about 36 MPa. At 35 mm/s, the average tensile
strength further decreased to approximately 34 MPa. Lower printing speeds resulted in
improved tensile strength, likely because the slower speed allowed for better bonding
between layers, reducing voids or defects. However, the interaction was not that strong
compared to the infill density. Finally, the average tensile strength varied significantly
with the type of infill pattern. For the Grid, the Rectilinear, and the Wiggle pattern, the
average tensile strength was approximately 31 MPa, 34 MPa, and 43 MPa, respectively. It
was observed that the Wiggle infill pattern provided the highest average tensile strength,
possibly due to its ability to distribute stress more effectively across the specimen.

Summarizing, infill density and infill type had a strong positive influence on tensile
strength. Printing speed, on the other hand, negatively affected the tensile strength. To
maximize tensile strength, it was recommended to use a higher infill density (e.g., 90%), a
lower printing speed (e.g., 5 mm/s), and the Wiggle infill pattern.

as Infill (%) [ Speed (mm/s) ‘ Type

42
40
38

34

s (MPa)

32

30

Figure 4. The mean effect plots for the tensile strength.

3.2. Shallow Network Development

The application of Artificial Neural Networks (ANNs) in design and manufactur-
ing studies is well documented and has been successfully implemented by numerous
researchers in recent years [41-44]. The network utilized in the present study was designed
based on the feedforward backpropagation method, which is the most commonly employed
technique for problems involving non-linear parameters. This method aims to minimize
the discrepancy between the actual output and the network’s predicted output by continu-
ously adjusting the weights of the network connections. The algorithm employed for this
purpose is the Levenberg-Marquardt algorithm [45]. This choice was made following a
preliminary evaluation of suitable learning algorithms for supervised learning. Common
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algorithms include the quasi-Newton (BFGS) method, the Levenberg—-Marquardt (LM)
method, Resilient Backpropagation, Scaled Conjugate Gradient, the Fletcher-Powell Conju-
gate Gradient, and the Polak-Ribiére Conjugate Gradient. The BFGS and LM methods were
selected as they are better suited for function approximation problems, such as the one in
the current study. Both algorithms demonstrated comparable training speeds; however, the
LM method exhibited a slightly better accuracy compared to the BFEGS method and was
thus chosen.

The experimental data collected from the 54 experiments were categorized into three
sets—70% for training the model, 15% for validation, and 15% for testing. To identify the
optimal network structure for the present problem, various configurations were tested and
compared using the correlation coefficient (R), as shown in Table 4, with hidden neurons
ranging from 6 to 12. The objective was to determine the optimal degree of the polynomials
to avoid both low variance and high bias, which could result in underfitting or overfitting
the model. Parameters affecting the learning rate, such as the maximum number of epochs
to train, epochs between display, maximum number of validation checks, and minimum
performance gradient, were set to 1000, 25, 100, and 107, respectively.

Table 4. Structure trials for the shallow network.

ANN Structure R-Value
3-6-1 0.95069

3-7-1 0.91986

3-8-1 0.96506

3-9-1 0.92851
3-10-1 0.73833
3-11-1 0.99859
3-12-1 0.94639

Therefore, the number of neurons was set to 11 for the predicted max load, according
to the three input variables and the one output. As already mentioned, a low number of
neurons is usually avoided since it would probably lead to underfitting. On the other hand,
a superfluous number of neurons could possibly lead to overfitting. The network structure
used in this study is illustrated in Figure 5.

A preliminary evaluation of the most commonly used activation functions revealed
that various forms of the sigmoid function offer specific advantages to the process. The
transfer function chosen to serve as the activation function for the developed model is the
hyperbolic tangent (tanh). The primary advantage of the tanh function, compared to the
sigmoid one, is its ability to map the output to negative, neutral, or positive values, with an
output range between —1 and 1, instead of the 0 to 1 range of the sigmoid. Additionally,
the centering of the data simplifies the learning process for the hidden layers. In this
study, the data were normalized to fit the activation function’s range [—1, 1], enhancing the
model’s performance. The hyperbolic tangent function outperforms the sigmoid in terms
of the training process [46]. Equation (1) describes the hyperbolic tangent function, while
Equation (2) represents the generalized mathematical expression that computes the output
variables, which is adjusted for the summation of the weighted data. Here, z denotes the
output variable; W; represents the output layer weights for n hidden nodes; f(x) is the
hyperbolic tangent activation function for each numerical value of the hidden neurons H;;
and b denotes the bias of the output layer.

2

f(x) = tanh(x) = 1o

1 (1)
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Fmax = —0.26294H, + 0.22635H, — 0.49128 H3 — 0.30094H4 — 0.30345H5 — 1.7091H — 0.35242H;

2= Y Wif (Hy) +b @

Output layer

Input layer
(Ve

Figure 5. The ANN structure of the study.

To align with the range of the hyperbolic tangent activation function, all data were
normalized. Equation (3) can be used to compute the normalized values V;,o;ma1ized, based
on the parameter value y, where ymax and ymin represent the maximum and minimum
actual values of the input or output variables, respectively.

®)

2 Xy — Ymax + Ymin

Ynormalized =
Ymax — Ymin Ymax — Ymin

Finally, the formula that was generated during the network development for the max
load prediction is represented by Equation (4). It is noted that the equation can be safely
used within the scope of the present study. The numerical value of each hidden neuron
Hi can be calculated with the respective equation shown in Equation (4), which takes into
consideration both the weights of the input layer and the biases of the hidden layer.

)

+0.28387Hg 4 0.19595H¢ — 1.0939H1y + 0.52873H1; + 0.055821

Hj = tanh(0.5 x (3.1064 — 1.02155 — 2.3319P — 2.1769))

H, = tanh(0.5 x (1.3012] — 2.4756S — 0.94798P — 2.3535))

Hj = tanh(0.5 x (0.308981 + 3.51245 — 0.93774P — 1.5155))
H, = tanh(0.5 x (3.17111 — 1.4283S + 0.036261P + 0.18819))
Hs = tanh(0.5 x (—2.5043] — 0.580565 + 1.971P + 0.59307))
He = tanh(0.5 x (—0.601361 — 0.31323S — 1.0799P + 0.69851))
Hy = tanh(0.5 x (0.640291 — 2.0701S + 2.1899P + 0.79923))
Hg = tanh(0.5 x (1.4656] — 1.839S — 2.1071P + 0.039091))

Ho = tanh(0.5 x (—0.0939381 — 3.2281S — 0.45163P — 1.7056))

Hio = tanh(0.5 x (—2.3143] — 0.43816S — 1.9466P — 2.9065))
Hip = tanh(0.5 x (—0.53332] — 1.69525 — 2.3566P — 3.446))
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To assess the developed model, the regressions plots shown in Figure 6 were generated
and evaluated. These plots correspond to the training data set, validation data set, testing
data set, and the total data set, as dictated by the headlines. Two notable characteristics
indicate a strong fit between the experimental and predicted max load values. First, the
predicted data points are close to the zero-error line, represented by the dotted line (Y = T).
Second, there is collinearity between the fit line and the error line. The high R-values
obtained for all data sets demonstrate the model’s increased accuracy, contributing to low
error rates. Specifically, the coefficient values for the training data set, validation data set,
testing data set, and the total data set were estimated to be 0.99938, 0.99254, 0.99997, and
0.99859, respectively.

Training: R=0.99938 Validation: R=0.99254

:

2000 O Daa \ O Daa
Fit \ Fit
1800 =T 1800 | Y=1]

1400 1400

1200 1200

Output ~=0.99*Target + 11
2
o

Output ~=0.99*Target + 38
2
o

1600 1800 2000 1200 1400 1600 1800 2000
Target Target

1200 1400

Test: R=0.99997 All: R=0.99859

2 2000 o Da(a‘

Fit

1800} | Y=1j

O Data
Fit

1800} [ Y=T)

1600
1400 1400

1200 1200

Output ~= 1*Target + -1.7
2
o
Output ~=0.99*Target + 7.9

1200 1400 1600 1800 2000 1200 1400 1600 1800 2000
Target Target

Figure 6. The regression plots for the training set, the validation set, the test set, and the total of the
data sets of the force prediction ANN.

To evaluate the performance of the developed model, the scatter plot shown in Figure 7
was used. It is evident that the model exhibits a strong capacity. Three reasons support this
finding. First, the range of the error is narrow, between approximately 2.1% and —3.4%.
Second, the majority of the error points are close to the zero-error line, and third, only a
few outliers are present.
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Figure 7. Scatter plot of the percentage relative error between the experimental and the predicted
values of tensile strength.

4. Conclusions

In the present study, experimental testing was carried out on 3D-printed specimens.
More specifically, the degree of influence of the Infill, Speed, and Type printing parameters
on the tensile stress was evaluated. Three different values were set for each parame-
ter: (50%, 70%, and 90%), (5 mm/s, 20 mm/s, and 35 mm/s), and (Grid, Rectilinear,
and Wiggle), respectively. The first two predictors are continuous variables, while the
third one is categorical. The printer used in the study is the CreatBot™ D600 Pro FFF
(Fused Filament Fabrication). The polyethylene terephthalate glycol polymer PETG: EVO
from NEEMA3D™ was chosen as the material. Based on the three parameters and the
three different values of each parameter, 27 different combinations emerged. Then, all
27 combinations were fabricated twice with respect to the full factorial analysis. Using a
tensile testing machine, the two sets of the specimens (54 in total) were tested in vertical
tension. The obtained results were evaluated and modeled with the ANN method. In
general, the following conclusions can be drawn:

e  Both the Infill and the Type contribute the most to the response, followed by the Speed.

e  Wiggle is the strongest infill pattern, yielding strength values of over 42 MPa.

e  Higher Infill and lower printing speeds positively affect the response.

e  The best combination was identified with 90% infill, 5 mm/s speed, and the Wiggle
pattern. In this case, the strength was measured at 49.82 MPa.

e  The worst combination was identified with 50% infill, 35 mm/s speed, and the Grid
pattern. The strength was measured at 25.65 MPa.

e  The best ANN structure was determined to be the 3-11-1 configuration.

e  The developed ANN model was proven to be accurate and robust, with the correlation
coefficient for the summation of the data points being equal to 0.99859 and the relative
error between the experimental and the predicted values of tensile strength being
below 10%.
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