Management Systems
% sciendo in 2024, Volume 32, Issue 3, pp. 428-437
Production Engineering

Date of submission of the article to the Editor: 01/2024 DOl 102478/mspe_2024_0040

Date of acceptance of the article by the Editor: 07/2024

PREDICTING MECHANICAL STRENGTH AND OPTIMIZED PARAMETERS
IN FDM-PRINTED POLYLACTIC ACID PARTS VIA ARTIFICIAL NEURAL NETWORKS
AND DESIRABILITY ANALYSIS

Hind H. Abdulridha, Tahseen F. Abbas, Ageel S. Bedan
University of Technology

Abstract:

Fused deposition modeling (FDM) is a commonly used additive manufacturing (AM) technique in both domestic
and industrial end-product fabrications. It produces prototypes and parts with complex geometric designs, which
has the major benefits of eliminating the need for expensive tooling and flexibility. However, the produced parts
often face poor part strength due to anisotropic fabrication strategies. The printing procedure, the kind of mate-
rial utilized, and the printing parameters all have a significant impact on the mechanical characteristics of the
printed item. In order to predict the mechanical properties related to printed components made with the use of
FDM and Polylactic Acid (PLA) material, this study concentrates on developing a prediction model utilizing Artificial
Neural Networks (ANNs). This study used the Taguchi design of experiments technique, utilizing (L25) orthogonal
array as well as a Neural Network (NN) method with two layers and 15 neurons. The effect of FDM parameters
(layer thickness (mm), percentage of infill density, number of top/bottom layers, shell thickness (mm), and infill
overlap percentage) on ultimate tensile and compressive strength (UTS and UCS) was examined through analysis
of variance (ANOVA). With an ANOVA result of 67.183% and 40.198%, respectively, infill density percentage was
found to be the most significant factor influencing UCS and UTS dependent on other parameters. The predicted
results demonstrated valuable agreement with experimental values, with mean squared errors of (0.098) and
(0.326) for UTS and UCS, respectively. The predictive model produces flexibility in selecting the optimal setting
based on applications.
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INTRODUCTION Spool for filament supply
Fused deposition modeling (FDM) stands out among AM
techniques, utilized for creating 3D parts for newly de-
signed prototypes and difficult end-use components that
conventional methods struggle to produce [1, 2]. A 3D
Computer-Aided Design model guides the selective layer- Drive wheel
by-layer material combination to construct the required

component [3]. Materials like Acrylonitrile Butadiene Sty- ament
rene (ABS) and Polylactic Acid (PLA), which are extruded Hotend AR Motor
from nozzle tips as components or support materials onto o icn Ch]::]'s:
FDM machine-working platforms, are the most often used Nozzle

materials in non-metallic 3D printing [4, 5]. Initial bound- 3D Printed Part Z-Axis Motor
aries are set using a stereolithography (STL) file and raster, Heating Bed :

with subsequent interior filling using a predetermined Z-Axis Motor XYeaxisMotor

nozzle speed and temperature. The process is repeated Fig. 1 Fused Deposition Modeling working principle

until the finished model is produced, adding each layer Source: [10].

atop the previous one [5]. Figure 1 shows the FDM tech-

nique, which creates 3D parts layer by layer straight from It entails heating the material to a liquid state in a liquefier
a CAD model. head and precisely depositing it using a nozzle that follows

the cross-sectional geometry of the part [6].
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While PLA is currently the most widely utilized material,
elastomers, acrylonitrile butadiene styrene (ABS), medi-
cal-grade ABS thermoplastics, and polylactic acid PLA
could also be utilized by FDMs for creating parts. A 1.75
mm diameter filament, wrapped onto spools, is the build
and support material. The filament is fed via a flexible
tube fastened to the back of the extrusion head, and the
spools are mounted on a spindle situated on the ma-
chine's side or rear [4].

This work produces parts using the FDM technique with
PLA filament. One of the commercially available materials
for printing specimens is PLA, a bioactive and biodegrada-
ble polyester produced from lactic acid building blocks [7].
However, PLA has a drawback because it is brittle by na-
ture. Since it doesn't need a heated bed and can be gen-
erated at low temperatures, it is the main filament used
in the majority of extrusion-based 3D printers. PLA is in-
credibly inexpensive, easy to print, and yields parts with a
wide range of uses [8]. Additionally, 3D printed PLA items
have superior mechanical qualities to ABS [9].

Various FDM parameters significantly influence the qual-
ity of produced items. The optimal parameter set is be-
lieved to enhance 3D printed object quality and reduce
production effort. Reference to the operating guide or the
operator's experience and skills typically defines the re-
quired FDM process parameters. However, the results
may not always be optimal for a specific system or envi-
ronment. In such cases, the Taguchi approach emerges as
a favorable alternative, providing functional simplicity and
reducing the required number of experiments by predict-
ing FDM parameters and their interactions [7].

Achieving the optimum process parameters is considered
a continual task with the objective of minimizing produc-
tion costs and satisfying product quality requirements.
Mechanical properties are one of the most important per-
formance characteristics in the FDM process. Higher me-
chanical characteristics are crucial for an effective FDM
process, and these characteristics are considered to di-
rectly affect the hourly rate and the cost of production.
Recently, researchers have been utilizing a variety of ap-
proaches, including artificial neural networks, genetic al-
gorithms (GAs), simulated annealing, gray relational anal-
ysis, and others, to predict the responses and optimize
printing parameters. Artificial Neural Networks (ANNSs)
are utilized for computation in addition to mapping rela-
tionships between input and output. Generalization, self-
organization, and association are among the functions
that ANN can perform in a way that is similar to those of
the human brain. ANN is suitable for non-linear process
modeling since it may approximate any function more ef-
fectively. ANNs have significant generalization and learn-
ing capabilities and are able to capture complicated rela-
tionships between input and output [11].

LITERATURE REVIEW

With the fundamental results of this kind of studies, the
present work provides a detailed investigation into FDM
technology’s performance characteristics. The effects of
various parameters of FDM on part strength require more

research [12, 13]. As such, it is highly important to under-
stand the part's limitations prior to giving any recommen-
dations for a particular application.

An experimental examination of the ANN model, para-
metric optimization, and PEEK 3D printing has been con-
ducted by Borah and Chandrasekaran [14]. This research
examined 4 process parameters, which are: printing
speed PS, infill pattern, layer height, and infill density ID.
For more sufficient strength and surface quality, a 4-12-2
network design ANN model with lower PS and higher ID
requirements has been ideal. For the purpose of maximiz-
ing the dimensional characteristics in the FDM, Sivarao et
al. [15] have created a NN model through utilizing some
control elements like layer thickness, orientation, raster
width, air gap, and raster angle. With percentage errors
that range from 0.01% to 25.49% for the length, 4% at
most for the thickness and 10% at most for the weight,
the model was capable of correctly predicting dimen-
sional parameters. Findings have demonstrated the way
that the ANN may be utilized for optimizing FDM process
parameters for higher dimensional accuracy, which would
result in increasing the quality of the product as well as
saving the costs of manufacturing.

A NN model has been created by Chinchanikar et al. [16]
in order to predict FDM parts’ surface roughness. This
model took into consideration infill density, print speed,
nozzle temperature, hidden layers, layer height, and the
number of neurons. This study found that 2 hidden layers,
each with 150 neurons, had improved the accuracy of the
prediction and that with the increase in infill density, sur-
face roughness had decreased. Utilizing variance analysis,
ANNSs, and response surface methods, Monticeli et al. [17]
provided modulus, flexural strength, and strain predic-
tions for the high-performance 3D printable carbon fi-
ber/epoxy composites. Vacuum pressure, curing temper-
ature, printing speed, printing space, and thickness are
some factors affecting AM composite processing. Low er-
ror rates and high reliability have been shown by the re-
sults, which also illustrate how efficiently and quickly
composite materials with particular characteristics could
be fabricated.

The effect of part orientation and process setting on the
tensile strength in 3D printing has been studied by Mili-
cevic et al. [18]. For the purpose of creating correlations
between the outputs and the inputs, an NN has been cre-
ated. A hidden layer that includes 12 neurons was capable
of producing the best results in terms of component ori-
entation and process parameters where tensile strength
had reached its maximal value. For the optimization, an
ANN plays the role of a fitness function for a GA. Results
have shown the potential of this method in the optimiza-
tion of the 3D printing process, showing its potential in a
variety of engineering areas. Gupta and Taufik [19] have
proposed an innovative part strength modeling approach
by utilizing ANNs for the reduction of prediction errors
and improving 3D printed part strength predictions. The
models that have been developed showed similar data
trends for the ANN and RSM techniques; however, the
RSM model had more errors. The ANN model is typically
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precise; however, it is not suitable for smaller datasets.
Based on the study, RSM and ANN could reduce the com-
plications, minimize the number of required tests, and im-
prove the MEAM process settings.

The effect of the 3D printing parameters on the dimen-
sional deviations in the polylactic acid-printed parts has
been researched by Abas et al. [20]. This study’s results
have shown that while the height of the layer had signifi-
cant effects on the deviation of height and angle, infill
density highly impacted the deviations in height and
length. The desirability and weighted aggregated sum
product assessment (WASPAS) integration provided opti-
mal results, presenting a model for high-dimensional ac-
curacy fabrication of the assistive devices. The NN models
have been developed for the estimation of the effects of
the primary FDM process parameters on the part quality
with the ABS material, as stated by Tura et al. [21]. ANOVA
and Taguchi L-9 orthogonal arrays have been utilized by
the model for examining the way that the printing param-
eters impact surface roughness. Based on the research,
orientation and infill angles had little bearing on the sur-
face roughness; however, the thickness of the layer had
the biggest impact.

It has been noted through a literature review that,
through the proper modification of numerous associated
parameters, the quality of parts that were generated us-
ing FDM can be enhanced. To create the highest-quality
FDM part, it is crucial to identify the optimal parameter
values using a structured approach since the mechanical
properties are important output characteristics that are
mostly crucial for the functionality and fitness of the com-
ponents. However, according to an extensive literature
review of several AM methods, FDM received the least at-
tention. This study developed a feed-forward Neural Net-
work (NN) with the use of a backpropagation (BP) algo-
rithm for investigating the effects of the percentage of in-
fill density, shell thickness (mm), layer thickness (mm),
percentage of infill overlap, and number of top/bottom
layers on the mechanical characteristics of printed speci-
mens fabricated with the use of the FDM approach. The
ANN model's prediction outputs have been the ultimate
tensile strength (UTS) and ultimate compression strength
(UCS). A system that could continuously control several
parameters is eventually produced by creating an ANN
model with several outputs and inputs.

METHODOLOGY

Experimental Work

Designing the part or component using design tools is the
first stage in the 3D printing process. The SOLIDWORKS
2022 program prepares the computer-aided design (CAD)
file. In addition, the 3D model must be transformed into a
standard format after being obtained, regardless of the
method. STL is the most often used file type extension.
This file format is widely used and works with various plat-
forms and devices. The model then needs to be translated
into the preferred 3D printing language. G-Code is the
most widely used language, particularly for printers of the
FDM type. This code instructs the target machine to travel

in different directions and at varying speeds, to change
the temperature of its components, to activate its cooling
components, and to carry out several other tasks [22]. Fig-
ure 2 depicts the workflow for this work, which begins
with selecting FDM parameters and ends with calculating
the percentage error between predicted and measured
values.

FDM parameters Taguchi FDM Conduct of
selection with their [ orthogonal & parts [ .S experiments (UTS
levels . experiment array y printing and UCS)
hvd
Experimental and Analysis of
predicted UTS and UCS =] Pl}::giotl:is:: & :NT model‘ Variance
comparison EYSODIENES ¥ ANOVA

Fig. 2 Proposed work flow

Ultimaker Cura 4.13.1 is the software used for advanced
slicing. The CAD model and the sliced model for the com-
pressive and tensile specimens, respectively, are shown in
Figure 3a, b.

Fig. 3 Computer-Aided-Design and sliced models for (a) tensile
specimen, (b) compressive specimen

Process parameter selection significantly affects the qual-
ity of a part produced with Fused Deposition Modeling
(FDM). The process parameters investigated in this work
are the percentage of infill density, shell thickness, layer
thickness, percentage of infill overlap, and number of
top/bottom layers. The performance of the FDM process,
including tensile and compressive strength, is significantly
influenced by variations in FDM parameters. As a result,
optimal FDM parameter selection may lead to better FDM
process performance. Table 1 displays the process param-
eters used to print the parts, while Table 2 shows that
other FDM parameters are maintained at their fixed lev-
els.

Table 1
The process parameters selected and their levels
Parameters Levels
1 2 3 4 5
Infill Density % 30 40 | 50 60 70
Layer thickness (mm) 0.1 |0.15| 0.2 | 0.25| 0.3
Shell thickness (mm) 1.2 1.6 2 24 | 2.8
Top/bottom layers number 3 4 5 6 7
Infill overlap % 10 15 | 20 25 30
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Table 2
The fixed level of remaining FDM parameters
Parameters Value Units
Printing speed 80 mm/sec
Infill pattern Cubic -
Printing temperature 200 Degree Celsius
Build plate temperature 50 Degree Celsius

The experience, literature review, parameter significance
and relevance as determined by early experimental inves-
tigations, and the recommended acceptable high and low
levels from equipment manufacturers were all considered
when selecting the FDM parameter levels. Three or more
parameter levels are preferred to represent the response
variables' behavior accurately. The experiments were
conducted by employing the Taguchi experiment design.
The tensile test is carried out following ASTM D638 type-
4, while compressive testing is carried out following ASTM
D-695.

For determining whatever performance characteristic de-
viates from the desired value, the Taguchi technique uses
the S/N ratio. Performance characteristics are sometimes
categorized as nominal-the-better, higher-the-better, and
lower-the-better when analyzing the signal-to-noise ratio
[23]. Maximum mechanical characteristics (strength) are
required for optimal FDM performance. Consequently, it
is best to have higher the better mechanical characteris-
tics. Equation 1 could be used for calculating the signal-to-
noise ratio (S/N):

S/N = =10 log (G, Ei-r ) (1)

Where n represent the number of tests, yk represent the
value of the performance characteristics. The SolidWorks-
designed specimens for the tensile and compressive test-
ing were imported into the Ultimaker Cura 14.3.1 slicing
software when the experiment design was completed.
The generated G-code was then transferred to the Creal-
ity Ender-5 Pro 3D printer, which is illustrated in Figure 4.

(b) (e)
Fig. 4 Test specimens printing process, (a) Creality Ender-5 Pro

3D printer, (b) compressive specimens, (c) tensile specimens

Subsequently, TORWELL PLA filament material was uti-
lized to fabricate the specimens through the 3D printing
process. At room temperature, the mechanical character-
istics of the printed specimens were evaluated using the
WDW-200E computer-controlled electronic universal
testing machine, as illustrated in Figure 5.

Tensile test

Computer +~ computer desk

Fig. 5 Mechanical Tests at the WDW-200E Computer Controlled
Electronic Universal Testing Machine

The testing apparatus is located at the Production Engi-
neering and Metallurgy Department, University of Tech-
nology-Baghdad, Iraqg. The testing procedures, which
complied with a crosshead speed of 1.5 mm/min, adhered
to the ASTM D638 type 4 and ASTM D695 standards for
tensile and compressive testing, respectively. Thorough
records of load, deformation, time, and stroke were dili-
gently recorded during the examinations. In comparison
with the CAD model, stress and mechanical characteristics
were calculated using each specimen's measured dimen-
sions. The UTS and UCS for each PLA test specimen might
be more easily calculated utilizing Equation 2 with the rec-
orded data.

o = F/A (2)
where:
o represents the tensile and compressive stress in
(N/mm?),

F represents the applied force in (N),
A represents the cross-sectional area of the printed spec-
imen in (mm?).

Artificial Neural Network Prediction Model

A computational model called an artificial neural network
(ANN) is modeled based on the biological neural networks
(NNs) seen in the human brain. These are made up of
"neurons," or nodes resembling neurons, stacked in lay-
ers. An input layer, hidden layers, and an output layer
make up the layers in most cases. Information travels
across the network via a training process that adjusts the
weights on connections across neurons. Several sets of in-
put data are first fed into the network, and then the sys-
tem uses the errors produced by comparing the predicted
and actual outcomes to adjust the weight values [24, 25,
26].

In this work, five input neurons (layer thickness (mm), per-
centage of infill density, number of top/bottom layers,
shell thickness (mm), and percentage of infill overlap)
with a (5x25) matrix of input data and two output neurons
(UCS and UCS) with a (2x25) matrix of output data com-
prise the Hebbian learning rule in the NN model. These
input and output neurons were introduced into the neural
fitting tool, as shown in Figure 6.
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Hidden Output
Output

Fig. 6 lllustration of the employed neural network architecture

Desirability analysis

Desirability analysis (DA) is an effective statistical method
utilized to evaluate and optimize several responses or pa-
rameters. Applications of desirability analysis may be
found in many domains, including manufacturing, process
optimization, and product design. These applications help
to improve decision-making and overall performance. It
offers a uniform structure for assessing the desirability of
various results and determining the best combination of
input parameters to maximize or minimize a variety of ob-
jectives.

Each objective is given a desirability function, and the ob-
jective values are mapped to a scale from 0 to 1, repre-
senting the desirability of each level, which combines with
an overall desirability function for each combination of in-
put parameters. Di = 1 means the response can be opti-
mized; if it cannot, Di = 0 means it is not within an accepta-
ble range. The "lower the better" or "higher the better"
criterion determines the desirability values of responses;
inthe currentinstance, the valuey is expected to be either
lowest or maximum. When the desirability value Di in-
creases beyond a threshold, it equals 0; when it goes be-
low a threshold, it equals 1. The value of Di is a number
between 0 and 1. The desirability function is derived from
equations (3-5) for higher-the-better requirements. Equa-
tion 6 is used to evaluate overall desirability (Do) for the
optimization that includes multiple response characteris-
tics while taking individual desirability and its weight into
account [14].

Higher-The-Better

Y 2 Ymax; Di =1 (3)
—_ .. r
Ymin =Y = Ymaxs Di = [%] (4)
Y < Ymins Di =0 (5)
Dy = (Dywy * Dywy ... Dywy) /2w (6)

where:
r represents the index of desirability,
Ymax and ymin represent upper and lower limit of y.

RESULTS AND DISCUSSION

Analysis the results

The mechanical characteristics (UTS and UCS) of 25 FDM
specimens were measured after the printing process, as
presented in Table 3.

The results of the experiment are analyzed using Minitab
17. The best parameter level can be predicted by analyz-
ing UTS and UCS results. An analysis of the relative contri-
butions of several parameters is done using a statistical
ANOVA in order to identify which parameters significantly

affect the performance characteristics as well as how they
interact.

Table 3
The experimental results
B E 2
SR -
8| 88| 2 2 E|E
o c £ c £ [ < <
12| 2| 2|28 |32) ¢
Bl 3| 228|888
- > Q Q
g 5 | 3
1| 30 0.10 1.2 3 10 |25.461|24.227
2| 30 0.15 1.6 4 15 |32.000|30.214
3| 30 0.20 2.0 5 20 [36.394(36.031
4| 30 0.25 2.4 6 25 |43.758|40.232
5 30 0.30 2.8 7 30 |42.533|37.293
6| 40 0.10 1.6 5 25 |32.406|26.779
7| 40 0.15 2.0 6 30 |[38.481(40.432
8| 40 0.20 2.4 7 10 |50.000|43.741
9| 40 0.25 2.8 3 15 |44.186|42.768
10| 40 0.30 1.2 4 20 |36.597|28.587
11| 50 0.10 2.0 7 15 |43.872|41.468
12| 50 0.15 2.4 3 20 |48.288|41.318
13| 50 0.20 2.8 4 25 |44.223|45.818
14| 50 0.25 1.2 5 30 |[36.085(36.161
15| 50 0.30 1.6 6 10 |43.831|40.533
16| 60 0.10 2.4 4 30 |[46.764|47.053
17| 60 0.15 2.8 5 10 |63.185|49.455
18| 60 0.20 1.2 6 15 |57.547|42.983
19| 60 0.25 1.6 7 20 |62.207|48.068
20| 60 0.30 2.0 3 25 |37.311|45.453
21| 70 0.10 2.8 6 20 |46.415|60.481
22| 70 0.15 1.2 7 25 |38.538(49.471
23| 70 0.20 1.6 3 30 |[35.372(47.583
24| 70 0.25 2.0 4 10 |41.576|51.886
25| 70 0.30 2.4 5 15 |54.669|57.746

Depending on Table 3, the tensile strength has been ex-
perimentally increased from 25.5 MPa to 63 MPa in a
specimen printed with infill density at level 4 = 60%, shell
thickness at level 5 = 2.8 mm, layer thickness at level 2 =
0.15 mm, infill overlaps at level 1 = 10%, and number of
top/bottom layers at level 3 = 5. It is important to notice
that reference [27] states that the specimen's expected
maximum tensile strength is 55 MPa. Conversely, com-
pressive strength was experimentally increased from 24
MPa to 60.5 MPa in a specimen printed with infill density
at level 5 = 70%, shell thickness at level 5 = 2.8 mm, layer
thickness at level 1 =0.1 mm, infill overlap at level 3 =20%,
and number of top/bottom layers at level 4 = 6. The refer-
ence [28] evaluated the specimen's predicted maximum
tensile strength to be 55 MPa, which is significant.
Depending on the experimental data in Table 3, an
ANOVA was used to establish the important parameters
and interactions for UCS and UTS, which are presented in
Table 4.
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Table 4
ANOVA for UTS and UCS results
ANOVA for UTS
P t
Source DF Adj SS Adj Ms F-Value P-Value ercentage
of contribution
Infill density % 4 818.62 204.66 10.02 0.023 40.198
Layer thickness (mm) 4 132.30 33.07 1.62 0.326 6.497
Shell thickness (mm) 4 454,37 113.59 5.56 0.063 22.312
Top/bottom layer numbers 4 310.71 77.68 3.80 0.112 15.257
Infill overlap % 4 238.81 59.70 2.92 0.162 11.727
Error 4 81.67 20.42 4.01
Total 24 2036.48
ANOVA for UCS
Source DF Adj SS Adj MS F-Value P-Value Percer'|tag'e
of contribution
Infill density % 4 1268.84 317.210 30.82 0.003 67.183
Layer thickness (mm) 4 43.02 10.754 1.04 0.484 2.277
Shell thickness (mm) 4 438.09 109.521 10.64 0.021 23.196
Top/bottom layer numbers 4 88.02 22.004 2.14 0.240 4.661
Infill overlap % 4 9.50 2.376 0.23 0.908 0.503
Error 4 41.17 10.292 2.18
Total 24 1888.62
Main Effects Plot for UTS (MPa) Main Effects Plot for UCS (MPa)
Data Means Data Means
Infili density %o Layer Thickness Shell Thickness  Top/Bottom Layer No.  Infill overlap % Infili density % Layer Thickness Shell Thickness |Top/Bottom Layer No.|  Infill overlap %
55
50 50
% . o ’ "y é 45 / g .
g 45 - o 4 ¢ E - A . * g
g 4 . L] g | > o L4 -
- 40 L] -
40 4 J p ] 4
: 35 g ‘
35 ‘
A P PP U\“ @‘) Q’jl,“ “jf’ u?’“ ARSI T R R L S S o “-_9 “'3" qu b’.]'," Q?,Q ORI TN S T B AR IS RS Y
a) b)

Fig. 7 Main effect plot for (a) Ultimate tensile strength, (b) Ultimate compressive strengt

At a 95% confidence level and P-value of 0.023 and 0.003,
respectively, Table 4 shows that infill density is the most
important parameter affecting UTS and UCS, as can be
seen in Figure 7 (a and b). The quantity of material utilized
to fill the interior space of a 3D printed object is referred
to as infill density. Since they need more material to sus-
tain compressive stresses, components with higher infill
densities are often stronger. It is evident that the speci-
men printed with a 30% infill density has a tensile strength
(25 MPa) roughly three times lower than the specimen
with a 60% infill density (63 MPa). The highest compres-
sive and tensile strengths could be obtained with an infill
density of 60% or 70%. However, the increase in the print-
ing time and consumption of material may result in higher
costs. Thus, it could be crucial to ascertain the required
infill density based on the type of product and intended
use.

The impact of the investigated parameters could be ascer-
tained by calculating the percentage contribution of each
parameter to the overall variation in the experimental re-
sults. This study shows that the percentage of infill density
has the greatest influence on compressive and tensile
strength, contributing 40.198% and 67.183%,

respectively, with a 95% confidence level. Table 5 displays
the optimal value and significance of each parameter.

Table 5

Optimum level and the significant for each parameter

Parameters

Optimized UTS

Optimized UCS

Infill density % 60% 70%
Layer thickness (mm) 0.25 mm 0.25 mm
Shell thickness (mm) 2.4 mm 2.8 mm
Top/bottom layer numbers 7 6
Infill overlap % 15% 15%

Significant

Infill density %

Infill density %,
shell thickness

Where DF represents the degree of freedom, Adj SS rep-
resents the adjusted summation of squares, and Adj MS
represents the adjusted mean squares.

Results of the developed ANN
Artificial neural network (ANN) is utilized to predict mod-
els that can be compared to experimental data. The neu-
ral network is trained using the experimental database.
The ANN model was tested using the training set of data.
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About 15% of the data is employed to test the model; an
additional 15% is utilized for validating the model; and the
remaining 70% is utilized for training the model. Table 6
illustrates the typical output response observation. The
optimum choice for this work is thought to have been
reached at epoch 0, as indicated in Figure 8, where the
data yields the lowest mean absolute prediction error of
0.008108.

Table 6
The output response observation
Network Configuration 5-15-2
The transfer function type Trainlm
Number of epochs 100
The learning rate factor (o) 0.001
Size of neuron 15
Size of layers 2
Number of training trails 17
Number of testing trails 4

. Best Validation Performance is 0.008108 at epoch 0

e Tr 0

Validation
Test
Best

10710_ ............................................ T N,

Mean Squared Error (mse)

0 05 1 15 2 25 3
3 Epochs
Fig. 8 Ultimate tensile and compressive strength performance
plot

Figure 9 displays a simplified representation of the sug-
gested system.

Training: R=0.99811 Validation: R=0.99996

o 60 O Data 5 O Data
; Fit S Fit
= =
? 55 ~ 2550 | y.
+ Y=T . Y=T
® 50 o, ® 50 o
g 45 g 45 2
L‘ [ &
- -
n 40 n 40 <
1 1 o}
535 535
£ £
3 30 3 30
o ]
25 25
30 40 50 60 30 40 50 60
Target Target
Test: R=0.99997 All: R=0.99868
& 60 0 Daa -~ 60 0 Data
S Fit 3 Fit
% CY=T + % Y=T
+ -
< 50 T 50 o
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245 & 45
= -
~ 40 n 40
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Lss 5 35
3 g
3
é 30 3 30
25 25
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Fig. 9 The proposed network graphical representation

The Levenberg-Marquardt method generated the best re-
sults overall (R = 0.99868). The regression coefficient of
the validation data set (R = 0.99996), which is near 1,
shows a significant correlation between the ANN and ex-
perimental results. Equation 7 estimates the mean square
error value [29].

MSE = %Z?zl(measured value — predicted value)®  (7)

Table 7 compares the ANN predicted and the experi-
mental values for the tensile and compressive strength of
PLA parts based on Equation 8. Table 7 shows that the
maximum percentage error values were 3.257% and
5.970%, respectively, between the measured and pre-
dicted UTS and UCS.

Table 7

ANN results vs. experimental values for UTS and UCS

No UTs P[f_;_islc;jd Error| UCS PLe:SIC;::d Error

(N/mm?) ANN % |(N/mm2) ANN %

1 25.461 25.460 |0.003| 24.227 | 24.222 |0.020
2 32.000 32.000 |0.001| 30.214 | 30.212 |0.007
3 36.394 36.396 |0.006| 36.031 | 36.031 |(0.001
4 43,758 43.758 |0.000| 40.232 | 40.232 |0.001
5 42.533 42.533 |0.000| 37.293 | 37.293 |0.000
6 32.406 32.407 |0.004| 26.779 | 26.778 |0.002
7 38.481 38.481 |0.000| 40.432 | 40.432 |0.001
8 50.000 50.221 |0.442| 43.741 | 43.915 |0.398
9 44,186 44,187 |0.003| 42.768 | 42.768 |0.000
10 36.597 36.605 |0.021| 28.587 | 28.590 |(0.009
11 43.872 43.873 |0.003| 41.468 | 41.470 |0.004
12 48.288 48.478 10.394| 41.318 | 41.117 |0.485
13 44,223 44,104 |0.270| 45.818 | 45.972 |0.335
14 36.085 36.086 [0.002| 36.161 | 36.161 |0.001
15 43.831 43.831 |0.001| 40.533 | 40.533 |0.000
16 46.764 45.241 |3.257| 47.053 | 49.862 |5.970
17 63.185 63.185 |0.000| 49.455 | 49.455 |(0.000
18 57.547 57.547 |0.001| 42.983 | 42.984 |0.003
19 62.207 62.309 [0.163| 48.068 | 48.302 |0.486
20 37.311 37.312 |0.002| 45.453 | 45.454 |0.003
21 46.415 46.534 |0.256| 60.481 | 60.532 |0.084
22 38.538 38.538 [0.001| 49.471 | 49.471 |0.000
23 35.372 35.336 |0.103| 47.583 | 47.251 |0.698
24 41.576 41.576 |0.001| 51.886 | 51.886 |0.000
25 54.669 54.669 |0.000| 57.746 | 57.746 |0.000

The discrepancy between the experimental and predicted
ANN model results is shown in Figures 10 and 11.

80
UTSs (MPa)

70 m Predicted UTS by ANN (Mpa)

Max % Error
=3.257%

i

1 2 3 4 5 6 7 & 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25
sample number

Fig. 10 Comparison between experimental vs. artificial neural
network predicted values for ultimate tensile strength
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Fig. 11 Comparison between experimental vs. artificial neural
network predicted values for ultimate compressive strength

The resultant percentage error, as illustrated in Figure 12,
is acceptable, indicating that the ANN model has satisfac-
torily predicted UTS and UCS.
Error % = |((measured value — Predicted value)/meas-
ured value)-100| (8)
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Fig. 12 Percentage error between experimental and predicted
results for (a) tensile strength, (b) compressive strength

Optimized Results

The current study also employed a desirability analysis to
optimize printing parameters. As shown in Figure 13,
Minitab 17 is used to calculate the optimum printing pa-
rameters that produce the highest tensile and compres-
sive strength.

It is essential to optimize every response simultaneously
because the optimum parameters for individual re-
sponses tend to contract with each other. A composite de-
sirability value of 0.9454 was obtained by multi-optimiz-
ing all parameters simultaneously using desirability analy-
sis (DA). The optimal parameters included a 60% infill den-
sity percentage, 0.25 mm layer thickness, 2.8 mm shell
thickness, 0.15 infill overlap, and six top/bottom layer
numbers.

Optimal A 8 C D E
ig! 70 0.3 8 T 30
D:0.9454 oy 60 0.25 28 6 15
Predict Low 30 01 3 io
. o, * . Ll . e . . e se o
Composie | ® .
Desirability
D: 0.9454
.
UGS (N/M § L ) ) i
Maximum « * . . e . e
¥ = 566314 . . . .« v *
d = 0.89382 .
L .
.
————— A ———— e ——— —.———c—.————
. . .
uTs (NM .
Maximum . . . " . *
y = 664630 » . . .
d = 1.0000 .
.

Fig. 13 Optimization of multi-responses (tensile
and compressive strength) using desirability analysis

The related optimal responses have maximum UCS and
UTS of 56.6314 and 66.463 MPa, respectively.

CONCLUSIONS
In this study, an Artificial Neural Network (ANN) model
was developed for quantitatively predicting the mechani-
cal properties of specimens made with FDM. The opti-
mum FDM parameters (shell thickness, infill density per-
centage, number of top/bottom layers, layer thickness,
and percentage of infill overlap) for tensile as well as com-
pressive strength (UTS and UCS) were determined with
the use of the desirability analysis DA technique. Some of
the most significant conclusions are drawn as follows:

1. From the experimental results of the printed speci-
mens’ mechanical characteristics, the tensile strength
of parts with a value of 63 MPa is optimized by a higher
percentage of infill density of 60%, 0.8 mm shell thick-
nesses, 0.15 mm layer thicknesses, five top and bot-
tom layers, and 10% infill overlap. However, the com-
pression strength of the parts was optimized to 60.5
MPa by combining several parameters, suchas 0.1 mm
layer thickness, 70% infill density, 2.8 mm shell thick-
ness, six top and bottom layers, and 20% infill overlap.

2. The ANOVA results indicate that the percentage of in-
fill density was the most significant parameter for UTS
and UCS, contributing 40.198% and 67.183% of the to-
tal, respectively.

3. ANN was used to learn the experimental data. A total
of 17 patterns have been used to train the neural net-
work (NN). Figures 10 and 11 show that the neural net-
work model displays closed findings matching the pre-
dicted output model and the experimentally calcu-
lated UTS and UCS.

4. From the desirability analysis DA, the optimal UTS and
UCS values were 66.5 MPa and 56.6 MPa, respectively.
This was achieved with an infill density of 60%, a shell
thickness of 2.8 mm, a layer thickness of 0.25 mm, six
top/bottom layers, and 15% infill overlap.

5. By comparing the experimental and predicted values
for UTS and UCS with the ANN model, it was discov-
ered that the higher percentage errors for UTS and
UCS were 3.257% and 5.97%, respectively. Neverthe-
less, this mistake can be further reduced if the number
of test patterns increases.
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