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ABSTRACT

The versatility across engineering applications, low production costs, and environmental sustainability position 3D
printing as one of the most promising manufacturing technologies. Process parameters directly govern the quality
of printed parts, making their optimization essential for performance enhancement. This paper explores how tensile
strength and surface roughness of FDM-printed parts of thermoplastic polyurethane (TPU) can be optimized and
predicted using Taguchi, RSM and ANN models. Taguchi L27 orthogonal array design and ANOVA were used to
test the effects of layer thickness (0.16, 0.2, 0.24 mm), infill density (40,60,80%), and infill pattern (Gyroid, Grid,
Line) to achieve higher-the-better UTS and lower-the-better (Ra) per the ASTM D638 Type IV test. Optimal settings
(LT 0.24 mm, ID 80%, IP Line) had a maximum UTS of 38.463 MPa, (LT 0.20 mm, ID 60, IP Grid) had a minimum
RA of 1.88 um, the infill pattern had the greatest effect on UTS (38.1 percent, p=0.043), and layer thickness had the
greatest effect on RA (47.4 percent, p=0.010). The prediction was done using response surface methodology (RSM)
and artificial neural network (ANN) model. ANN performed better than RSM with maximum prediction errors of
6.90 (UTS) and 6.49 (Ra) compared to the higher values of RSM, lower values of MSE, and an outstanding correla-
tion coefficient of R =0.99997. The validation of ANN on the experimental data indicated the high accuracy (MAE
0.011 UTS, 0.032 Ra) was achieved with the training of Levenberg-Marquardt (70-15-15 split), and the standard
errors were low among all the runs. This combination of Taguchi design, RSM, ANOVA, and interpretable ANN
modeling is a powerful scheme of optimization of the parameters of the FDM process when printing TPU, which
improves the mechanical performance and the surface quality of the material in flexible engineering tasks.
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INTRODUCTION

Additive manufacturing (AM), commonly
referred to as 3D printing, enables the fabrica-
tion of diverse polymers and metals by building
objects layer-by-layer from digital designs [1].
This approach delivers key economic benefits,
including reduced prototyping expenses, accel-
erated production times, lower overall manu-
facturing costs, and minimized inventory needs.
However, AM also presents technical limita-
tions such as elevated operational expenses
across varying conditions, comparatively slow

deposition rates, and constraints on producing
large-scale components. Its ability to produce
intricate geometries with superior flexibility
and cost-effectiveness has fueled widespread
adoption in fields like architecture, automo-
tive design, artistic endeavors, healthcare, and
aerospace. Today, sectors including electron-
ics, medicine, and aviation heavily rely on AM
technologies [2].

Additive manufacturing techniques take
various forms, such as laminated object manu-
facture (LOM), selective laser fusion (SLM),
fused deposition modeling (FDM), plastic sheet
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spinning (PSL), and finally, selective laser sin-
tering (SLS) [3]. The use of polymers prevails
in the industry in terms of the most widely
used raw material for molding, which shows
an immense level of efficiency [4]. The most
preferred method, which is actually the most
used technique, is the fused filament fabrication
(FFF) or the three-dimensional printing (3DP)
technique, which is called FDM [5]. The rea-
sons for the higher level of usage could be the
simplicity of the deposition method, the avail-
ability of the equipment, which are sold at a
comparatively low price, and the readily acces-
sible varieties of printing filaments that are
available in the market [6].

The scientific community has been involved
in researching and optimizing molten deposi-
tion modeling modelling process parameters
for thermoplastic polyurethane and composites
with improved mechanical properties and func-
tionality. The factors which help in enhancing
the shape memory properties of TPU were pre-
sented by Ameen et al. [7] at a temperature and
velocity of 230 °C and 20mm/s with the highest
compressive strength as 3.6082 MPa, and also
presented by Yadavalli et al. [8], emphasizing
that the pattern ‘Gyroid’ performed better than
others regarding stress distribution. Jakab and
Lendvai [9] proved that at the diameter of the
nozzle and trast angle as 0.8mm and 0°, the
highest value of tension strength is achieved,
Salbiah et al. [10] demonstrated that RSM meth-
odology was utilized for controlling the printing
speed and temperature for improved functional-
ity, and Albardawil et al. [11] — The “Taguchi”
method for improving TPU95A functionality.
Moreover, Elmrabet and Siegkas [12] demon-
strated that filler ratio and size directly affect-
ed designs, and also, with conductive carbon
and improved functionality by Kim [13], parts
with pressure sensitivity were created for TPU.
While considering the applications, Wang et al.
[12] examined the shock-absorbing property for
pneumatic tires, whereas Fallahiarezoudar et
al. [14] produced the biomagnetic composites
and Ferretti et al. [15] reviewed the printing of
the biological organ to resemble human tissue.
Conversely, Soykan [16] explored the influ-
ence of pigments on the crystallization process,
Ursini and Collini [17] examined the behavior
of lattice structures, and Harynska et al. [18]
synthesized porous structures for the engineer-
ing of bones. Rodriguez et al. closely focused
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on the parameters of dimensional accuracy and
surface finish as the interaction of the influ-
ence of layer height and extrusion temperature
to guarantee the accuracy of fabricated flexible
materials [19]. On the other hand, Kumar et al.
had an analysis on multi-material specimens of
ABS-TPU made through laminated object man-
ufacturing (LAM) and explored the microscopic
properties of the combination strength and shape
of different layers to guarantee the robustness
under the influence of shearing stress conditions
[20]. Through a comparative approach, Viccica
et al. [21] tested the influence of an open and
closed system in FDM technology, concluding
that the management of ambient temperatures
and dynamic values during printing is, in any
case, fundamental to enhance material elonga-
tion and eliminate excessive stiffness. Lastly,
Kulkarni et al. [22] examined on the feasibil-
ity of transforming TPU models into cellular
ceramics. They tested the influence of the type
of TPU material (polyester and polyether) and
Shore hardness value (Shore A 80 and Shore A
90) on the success of the polyciliate impregna-
tion and thermal decomposition process, dem-
onstrating and confirming in their findings that
the hardness value of the base material is funda-
mental in determining the material density and
porosity of the resultant ceramic material, and
thus, in turn, the key factor in ensuring the func-
tional characteristics of the product.

This paper is devoted to the optimization of
the FDM parameters, which is aimed at creat-
ing the TPU components concerning the over-
all optimization of the parameters in order to
increase the strength and surface quality by
predictive models. With a complex experimen-
tal design that requires three key parameters,
including layer thickness (LT), infill density
(ID), and infill pattern (IP), performance param-
eters were explored systematically. Tensile
strength and surface roughness were studied in
a total of 27 experimental runs. This paper uses
RSM and ANN to examine the performance of
TPU components and come up with the correct
and dependable prediction models. This com-
bined methodology can give a complete picture
of how the parameters of FDM processes affect
the quality of TPU parts, and this area will open
the path to efficient and high-performance addi-
tive manufacturing.
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METHODOLOGY

Material and method

The first step in the 3D printing process is the
design of the part or component through design
software. The CAD file is generated using the
SOLIDWORKS program. The 3D model can be
scaled into a common format after it is ready, and
the most popular file format is the STL file format,
as it is compatible with many other platforms and
devices that are available in the market. This is
then translated into the desired 3D printing lan-
guage, G-Code typically on an FDM printer. This
program shows the way the printer should move,
become faster or slower, the desired printing
temperature, built-in cooling mechanisms, and
other processes. Figure 1 illustrates the sequence
of work that the study will be guided by, where
the selection of FDM parameters is considered as
the starting point, and the percentage difference
between the predicted and the measured values
is taken as the final point. The Cura 4 was used
to edit the STL file developed in SolidWorks.
13. 1, which also enables it to be readable by
the machine to be used and 3D-printable. Fig-
ure 2 describe the solid model that was fabricated
according to ASTM D638 Type 4.

The choice of process parameters also contrib-
utes significantly to the quality of the parts that are
manufactured using FDM [23]. The parameters
that were noticed in this research are the height
of the layer, the density of infill, and the infill pat-
tern. The change in such FDM environments has
significant impacts on the process products, such
as tensile strength and roughness on the surface
[24]. In this way, the result of the general process

Figure 2. Tensile test specimen ASTM D638 Type 4

might be enhanced through the choice of the most
appropriate FDM parameters [25]. Table 1 pro-
vides the process parameters that are selected, and
their value to print the parts, and Table 2 contains
other FDM parameters that did not vary during the
course of the experiment. In this case, the exper-
imental activities in this section of the study are
elucidated in this section as illustrated in Figure 3.
The FDM parameter levels were chosen rely-
ing on the previous experience, extensive litera-
ture review, the importance of the main param-
eters determined in the course of initial experi-
ments, and the high and low limits suggested by
the manufacturer [26]. The three or more levels
per parameter will offer a greater ability to capture
the behavior of response variables. The Taguchi
method was used to design experiments in which
tensile tests are performed in accordance with the
requirements of the ASTM D638 Type 4[27].
The Taguchi method uses signal-to-noise (S/N)
ratios in order to measure the deviations when com-
pared to the target levels of performance. It identi-
fies the three types of characteristics, namely: nom-
inal-the-best, higher-the-better, and lower-the-bet-
ter [28]. This classification facilitates the parameter
optimization towards the best system performance.
In this case, tensile strength (higher-the-better)
and surface roughness (lower-the-better) were the
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Figure 1. Methodology workflow
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Table 1. Factors and their levels

Levels
FDM parameters Units
1 2 3

Layer thickness (LT) (mm) 0.16 0.2 0.24
Infill density (ID) % 40 60 80
Infill pattern (IP) Gyroid Grid Line
Table 2. Fixed parameters the specimens are represented in Figure 3. The

Parameter type Values Units test was conducted at room temperature and with
Wall thickness 12 o a steady crosshead speed of 1.5 mm/min. The
Printing speed 55 s experiment was us§d to capture thr.ee types of
The temperature ' data: load, deformation, stroke, and time. Finally,
of the nozzle 225 Degree Celsius the tensile strength was obtained with the help

objectives. S/N ratios of traits that are higher-the-
better follow Equation 1, and the lower-the-better
ratios follow Equation 2 [29].

e Larger is better:

SIN=—10log(1nY 1yk2nk=1) (1)

e Smaller is better:

SIN=—10log (1n) lyk2nk=1) (2)

In which n is the number of tests, and yk is the
value of the performance characteristic.

Tensile test using WDW200E computer-
driven electronic universal testing machine was
practiced as per ASTM D638 Type IV in order
to get the mechanical properties of the speci-
mens that were made. The tensile properties of

of peak loading values that were obtained in the
same way, which were related to the true dimen-
sions of specimens (and not to the parameters of
their CAD models). These experimental results
were subsequently used in calculating the values
of stress and mechanical properties, and also esti-
mating the tensile strength of both of the TPU test
specimens as per Equation 3.

o=F/4 3)

where: 0 — tensile stress (N/mm?); F — applied
force (N); 4 — cross section area (mm?).

The roughness of the tensile test specimens
was tested on a Pocket Surf profilometer (Figure
3). At each specimen, three measures were made
at varying points, making sure that the roughness
profile is not inclined to the orientation of the lay.
Each measurement was used to calculate Ra, and

I Fused Fllament Fabrication (FFF) l

Empirical Design Evaluation J

N

YUR 1 [ETXETL

WDW-200E computer-
controlled electronic
universal testing
machine

Figure3. Experimental workflow
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the average of the three values was taken as the
final surface roughness of the printed specimen.

Response surface methodology

Response surface methodology (RSM) is a
statistical tool that aims at modelling and opti-
mizing processes by seeking the interrelationship
between various input variables and response
outputs. It has a high accuracy in approximating
complex response surfaces by empirical repre-
sentation by use of polynomials, which is ideal in
determining the best conditions in experimental
designs. It is widely used in engineering optimi-
zation, and its nonlinear interaction mapping is
an efficient way to explore the interactions with
a relatively small number of experiments com-
pared to one-factor-at-a-time methods [30]. RSM
can display curvatures, interactions, and optima
of a model without exhaustive testing by model-
ing the data with quadratic models [31]. The core
of RSM is a second order, which is demonstrated
in the Equation 4:

y=p5+ E?=1.IGEXI + E?:l E:':i BijXi Xj +
+ Yo BuXi

The RSM was applied in this work with the
help of the MINITAB software that was used to
determine the influence of the main 3D printing
factors, such as layer thickness, infill density, and
infill pattern, on the tensile strength and rough-
ness of printed specimens. The experimental
design was based on Box-Behnken matrices, so
that response surface models could be developed
using the data effectively. RSM was capable of
successful modelling of the nonlinear interac-
tion between printing parameters and mechanical
properties, providing useful information about
process optimization [32]. This method under-
scores how versatile and strong RSM is in the
field of engineering to be used as a potent predic-
tive modeling and decision-making tool [33].

“4)

Artificial neural network

An artificial neural network (ANN) is a
computational model that is based on biologi-
cal neural networks of the human brain [34].
It is a network of interlinked nodes or neurons
arranged in an input layer, one or more hidden
layers, and an output layer [35]. The informa-
tion is being passed over the network, and con-
nection weights are modified with training. The
input data is fed repeatedly, and weights are
adjusted according to the difference between the
predicted and the actual output. The ANN model
in this study will have three input neurons (layer
height, infill density, and infill pattern) with an
input matrix of (3 x 27) and two output neu-
rons (tensile strength and surface roughness)
with an output matrix of (2 x 27). The train-
ing is determined by the Hebbian learning rule.
Hebbian learning was particularly selected as it
was able to embody local associations between
neighboring printing conditions and mechani-
cal output feedbacks (tensile strength and sur-
face roughness) [36]. The neural fitting tool was
used to process these inputs and outputs depict-
ed in Figure 4. The research also used ANNs to
simulate the nonlinear connections among 3D
printing parameters and material properties to
obtain important data regarding the optimiza-
tion of the processes [37]. This approach high-
lights the versatility and stability of ANNs in
the field of engineering, making them a useful
instrument of predictive modeling and informed
decision-making.

RESULTS AND DISCUSSION

Analysis the results

Table 3 gives the measured tensile strength
and the surface roughness of 27 FDM-printed
specimens after printing. The experimental
data were subjected to MINITAB software to

15

Figure 4. ANN architecture implemented structure
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determine the optimal level of parameters to
use to maximize tensile strength and minimize
roughness of the surface. Statistical ANOVA
also calculated the relative values of each
parameter and how they interact to contribute to
these measures of performance. Table 3 shows
that tensile strength increased from 26.51 MPa
to 38.46 MPa when the specimens were printed
with 0.24 mm (level 3) of layer thickness of
the layer, an infill density of 80 percent (level
3), and a line infill pattern. This is important
because it is beyond the 32.5 MPa maximum
tensile strength as reported in the reference [38].
On the other hand, the surface roughness was
reduced to 4.83 um and 1.88 um using a layer
thickness of 0.16 mm (level 1), an infill density
of 60 (level 2), and a grid infill pattern (level 2).
ANOVA of the data in Table 3 has determined
the important parameters and interactions that

affect the maximization of tensile strength and
minimization of surface roughness, with the
findings being summarized in Table 4.

For UTS, all factors are significant (p <
0.05): infill pattern (C) contributes most (38.1%,
F=8.01), then density (B, 29%, F=7.73), then
thickness (A, 20.1%, F=6.86) with an error of
4.4%. In the case of Ra, thickness (A) prevails
(47.4, F=16.24, p=0.010), density (B), next
(34.41, F=10.43, p=0.023), and pattern (C),
smallest (15.38, F=2.20, p=0.198), error 1.91%.
Optimized settings included in Table 5 are
0.24 mm thickness, 80% density, Line pattern
to achieve the highest UTS; 0.2 mm thickness,
60% density, Grid pattern to achieve the low-
est Ra. respectively, which are shown in Figure
5(a) and 5(b). The performance of line infill is
better than others in UTS because of its con-
tinuous and aligned structure, which reduces the

Table 3. Tensile strength and surface roughness: Experimental results

Exp. No. Layer(rt:rijcqzl)mess Infill density (%) Infill pattern s#gisr:ﬁ?'ée(nl\jl; Surfa;ear(c::rg]?ness
1 0.16 40 Gyroid 32.891 3.52
2 0.16 40 Grid 35.486 3.64
3 0.16 40 Line 32.653 3.74
4 0.16 60 Gyroid 33.924 2.81
5 0.16 60 Grid 31.84 1.88
6 0.16 60 Line 29.202 2.61
7 0.16 80 Gyroid 33.67 2.62
8 0.16 80 Grid 29.452 2.14
9 0.16 80 Line 37.482 2.15
10 0.2 40 Gyroid 31.561 2.81
1 0.2 40 Grid 31.972 3.02
12 0.2 40 Line 31.717 3.02
13 0.2 60 Gyroid 32.36 3.18
14 0.2 60 Grid 26.508 2.76
15 0.2 60 Line 28.261 2.89
16 0.2 80 Gyroid 34.241 3.8
17 0.2 80 Grid 26.755 2.55
18 0.2 80 Line 37.348 2.74
19 0.24 40 Gyroid 34.097 3.22
20 0.24 40 Grid 31.001 3.24
21 0.24 40 Line 34.273 3.21
22 0.24 60 Gyroid 34.17 3.91
23 0.24 60 Grid 26.562 3.32
24 0.24 60 Line 31.28 2.98
25 0.24 80 Gyroid 34.165 4.83
26 0.24 80 Grid 26.328 3.77
27 0.24 80 Line 38.463 3.69
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Table 4. ANOVA tensile strength and surface roughness results

ANOVA for tensile strength
Source DF Adj SS Adj MS F-Value P-Value S;:tcr‘ft’)‘ljflgi
A 1 5.3247 5.3247 6.86 0.023 20.1
B 1 7.6790 7.6790 7.73 0.038 29
Cc 1 10.083 10.083 8.01 0.043 38.1
Error 5 1.6473 0.2295 4.4
Pure Error 2 0.4627 0.2313 1.7
Total 14 26.5206
ANOVA for surface roughness
Source DF Adj SS Adj MS F-Value P-Value C”fﬁg‘;ﬁgﬁ
A 1 9.8076 9.8076 16.24 0.010 47.4
B 1 7.1322 7.1322 10.43 0.023 34.41
C 1 3.178 3.178 2.20 0.198 15.38
Error 5 0.3948 0.08896 1.91
Pure Error 2 0.4864 0.18363 2.33
Total 14 20.683 100
Table 5. The ideal values and significance for every parameter
Parameters Layer thickness (LT) Infill density (ID) Infill pattern (IP) Significant
Optimized UTs 0.24 80 Line Infill pattern (%)
Optimized Ra 0.16 60 Grid Layer thickness (mm)

stress concentration at intersections (in com-
parison with grid/Gyroid), making it possible
to transfer loads efficiently and achieve stron-
ger interlayer bonding. Thicker (0.24 mm) lay-
ers increase UTS through increased contact and
diffusion time to form strong bonds, whereas
thinner (0.2 mm) layers decrease Ra through
finer resolution, yet weaken bonds due to quick
cooling and smaller necks [39]. These trends are
due to the fact that the infill patterns make TPU
3D-printed components more resistant to tensile
stresses by raising internal structural density
and load distribution, forming more intercon-
nected lattices that are more resistant to uniaxial
forces. Dense infills reduce stress concentration
at void boundaries, seen in finite element analy-
sis, and the thickness of the layer is the primary
contributor to the roughness of surfaces, with
layers of greater thickness enhancing the stair-
stepping effect of stacking layers and the Ra
value; whereas thin layers enhance interlayer
fusion and nice, which reduces the number of
cusps visible. The contribution percentage of
each parameter measures the contribution it

makes to the overall change in results. The infill
pattern affected the tensile strength (UTS) most
(38.1%), then infill density (29%), and layer
thickness (20.1%). In the case of surface rough-
ness (ra), the layer thickness prevailed (47.4%),
infill density (34.41%), and lastly, infill pattern
had the least impact (15.38%, p=0.198 > 0.05).
The best settings were summarized in Table 5:
0.24 mm layer thickness, 80% infill density, and
Line pattern to maximize UTS; 0.16 mm layer
thickness, 60% infill density, and Grid pattern to
minimize (Ra).

Results of ANN model

The predictive models based on artificial
neural networks (ANNs) were trained on the
experimental data, which was divided in terms
of the epoch to ensure that comparisons could be
made with experimental data; the sample output
is shown in Table 6, Figures 6 and 7 indicates
that the lowest mean absolute error of 0.011355
was attained with epoch 0; the training, testing,
and validation data were 70 percent, 15 percent,
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Figure 5. Main effect plot for (a) tensile strength, (b) surface roughness
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Table 6. Comparison of experimental values versus RSM and ANN models

(b)

Grid  Gyoid  Line

RSM ANN Ra RSM ANN
No. U-I—:C&A:a) Predicted | , Predicted (um) | Predicted Predicted
UTs JoError UTs %Error | gctual Ra %Error Ra %Error

1 32.891 33.85 2.93 32.71 0.54 3.52 3.35 4.71 3.55 4.67
2 35.486 35.65 0.49 35.56 0.21 3.64 3.41 6.27 3.51 6.49
3 32.653 31.49 3.53 31.60 3.23 3.74 3.73 0.19 3.74 0.19
4 33.924 31.92 5.90 32.84 3.19 2.81 2.80 0.42 3.70 0.32
5 31.84 30.48 4.25 30.79 3.31 2.14 2.28 6.52 2.18 6.40
6 29.202 31.42 7.60 31.22 6.90 2.61 2.66 2.00 2.61 2.00
7 33.67 35.02 4.03 34.13 1.36 2.62 2.77 5.57 2.69 1.94
8 29.452 30.34 3.05 30.15 2.37 2.14 2.21 2.05 2.51 2.14
9 37.482 36.38 2.94 36.78 1.87 2.15 2.1 1.64 212 1.66
10 31.561 32.76 3.80 32.16 1.90 3.21 3.09 3.79 3.19 3.82
11 31.972 32.09 0.38 31.68 0.11 3.02 3.14 4.07 3.04 4.04
12 31.717 30.86 2.69 30.98 2.32 3.02 3.20 5.81 3.10 5.67
13 32.36 30.82 4.73 31.93 1.33 3.18 3.1 2.20 3.14 2.23
14 26.508 26.92 1.56 26.62 0.43 2.76 2.59 6.24 2.69 6.41
15 28.261 30.78 5.21 30.89 5.55 2.89 2.70 6.50 2.63 4.84
16 34.241 33.93 0.89 34.14 0.31 3.8 3.66 3.82 3.77 3.85
17 26.755 26.78 0.12 26.69 0.26 2.55 2.56 0.24 2.56 0.24
18 37.348 35.741 4.29 36.85 1.34 2.74 2.73 0.28 2.63 0.30
19 34.097 34.50 1.18 34.70 1.77 3.22 3.20 0.54 3.21 0.55
20 31.001 31.36 1.16 31.12 0.39 3.24 3.25 0.42 3.23 0.42
21 34.273 33.052 3.55 33.86 1.21 3.21 3.04 5.36 3.14 5.48
22 34.17 32.57 4.68 32.77 4.10 3.91 3.80 2.77 3.81 2.84
23 26.562 26.18 1.40 26.39 0.65 3.32 3.28 1.32 3.30 1.33
24 31.28 32.98 5.44 32.18 2.88 2.98 3.12 4.77 3.03 4.69
25 34.165 35.67 4.43 35.18 297 4.83 4.92 1.95 4.98 1.89
26 26.328 26.056 1.03 26.16 0.65 3.77 3.82 1.38 3.72 1.40
27 38.463 37.94 1.35 38.12 0.88 3.69 3.73 1.08 3.63 1.09
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Best Validation Performance is 0.011355 at epoch 0
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and 15 percent respectively. The 70/15/15
(70% train, 15% validation, 15% test) tradeoff
between sufficient training data and trustworthy
evaluation is typical of mid-sized datasets, to
focus on model evaluation rather than raw train-
ing volumes [40].

The Levenberg-Marquardt algorithm has per-
formed the most highly in terms of performance
with a correlation coefficient (R) 0f 0.99997 (Fig-
ure 7). It is interesting to note that the validation
dataset showed the ideal regression coefficient of
1, which implies a very high correlation of ANN
predictions and experimental results.

Results of RSM model

Based on the analysis of the response surface
methodology (RSM) model, Equations 5 and 6
provide quadratic mathematical models of the
interaction between input variables and responses
to tensile strength and roughness of the surface.
Such equations include linear, quadratic, and
interaction terms in order to measure the total
response effects that can be important predictive
as well as optimization tools that can be used to
see the effects of individual parameters and their
combinations on system performance.
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Tensile Strength (MPa)113.3 — 454 X
X LT — 0.697 x ID — 19.85 X IP + 1163 x
X LT? 4+ 0.00574 x ID? + 4.331 X IP? —(5)
— 031X LT XID— 0.6 x LT X
X IP + 0.0380 X ID x IP

Surface Roughness (um) 13.97 — 2.3 X
X LT —0.1861 X ID + 0.121 X IP + 75.7 X
x LT* +0.000544 x ID*+ 02211 x  (0)
x IP? 4+ 0.7187 x LT X ID — 1.500 X
X LT X IP — 0.01404 xID X IP

Comparative proposed predictive models

To compare the prediction performance of
two different methods, the findings of 27 experi-
ments which were performed according to Tagu-
chi L27 design were used. The two ANN and
RSM methods were used to predict the ultimate
tensile strength (UTS) and surface roughness (Ra)
values, which are the two output responses of the
experiments, A statistical comparison was made
to compare the RSM and ANN models alongside
the use of Equation 7.

Error %=|((Measured value-Predicted value)/
(Measured value))| x 100

Table 6 shows the comparison between actual
and predicted UTS and Ra. demonstrate ANN had
better accuracy, with a tensile strength prediction
error is 6.90% and a surface roughness prediction
error is 6.49%. Comparatively, tensile strength
and surface roughness errors in the RSM model

45 WTensile Stress [WPa) B ESM Fredicted Tensile Stremgth {(MPa)

R & &8

fud
=]

Tensile Strength MPa
i

i
=

L=t

were 7.60 and 6.50, respectively. Also, ANN had
a lower error rate whereby the mean absolute error
(MAE) of UTS prediction was 0.011. Conversely,
the MAE of RSM was determined to be 0.54. On
the same note, ANN showed better results in the
prediction of Ra with a value of 0.032 as compared
to this being calculated to be 0.16 with RSM. ANN
generated a curve nearer to the experimental results
in both UTS prediction and Ra prediction, and
RSM showed larger deviation of the experimental
results. According to these findings, ANN is a more
efficient model in estimating the two-performance
metrics. Concerning the analysis of standard error,
the findings also confirm better performance of
ANN. In the case of UTS predictions, ANN gave
more reliable output with less variations against
actual values particularly at the peaks (around
experiment number 26-27). ANN prediction
error bands were considerably smaller than RSM
and this indicates that it is a more reliable predic-
tor. Similarly, with ANN, the standard errors were
smaller in all experimental range, especially in the
regions of rapid change (experiments 5-8). RSM
demonstrated a wider pattern of standard error
bands and thus, higher levels of prediction uncer-
tainty particularly when the value is at the extreme
levels. This regular trend of reduced standard errors
in ANN predictions of the two properties highlights
its statistical strength and validity as a prediction
instrument. The standard consistency in the per-
formance of standard errors with both UTS and
Ra predictions indicates that ANN provides more
reliable and accurate estimates of the printed part
traits. The ANN and RSM models were tested
using validation to confirm that they were accurate
predictors. Table 6 along with Figures 8 and 9 com-
pares the predictive success of ANN and RSM to
UTS and Ra when applied to defined conditions of
input. The table displays the percentage of errors

AMPM Predicted Tensile Strength (MPa)

12 3 4 5 6 7 B 5 1011 12 13 14 15 16 17 18 19 20 21 23 23 24 25 36 27

Sample mumber

Figure 8. Experimental vs ANN and RSM predicted tensile strength value
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Figure 9. Experimental vs ANN and RSM predicted surface roughness value

between the actual and predicted values in different
experimental conditions. The average error in UTS
of ANN is very low and generally is between 0.21—
3.23%. This illustrates the high ability of ANN in
UTS prediction. On the other hand, the percentage
of errors in RSM is larger with a range of 0.49 to
7.60. A similar situation exists with Ra, with ANN
having an average error of 1.36, when compared
to RSM, which has 2.37. The low error rates asso-
ciated with the predictive performance of ANN
demonstrate the fact that it is able to determine
the input-output relationships better. In general,
the average error rate of ANN is about 0.80% with
UTS and 1.51 with Ra, which is higher compared
to the average rates of 3.19% and 2.85 with RSM.
The above results make it clear that ANN produces
more accurate and reliable predictions compared
to RSM with particularly high performance when
dealing with nonlinear and complex datasets.

CONCLUSIONS

In the present research, TPU samples were
fabricated using FDM, a flexible AM method
appreciated for its affordability, simplicity, and
versatility with soft materials. The effects of
layer thickness, infill density, and infill pattern
on the output parameters (i.e., UTS and Ra) of
FDM printing of TPU have been investigated
both experimentally and through predictive
modeling. The Taguchi L27 and ANN, RSM-
based techniques were used to define the best
printing parameters for printing quality parts.
The main results of this paper may be reduced
as follows:

e Pattern of infill was found to have the great-
est contribution towards UTS (38.1% contri-
bution, p=0.043). UTS was maximized at 80

percent infill density, which was the line pat-
tern. UTS rose as the layer thickness (0.24 mm
optimum) increased.

e Layer thickness was established to have the
greatest effect on Ra (47.4% contribution,
p=0.010). The minimum thickness of the ra was
0.20 mm using a grid. The density of the infill
that reduced the ra was moderate (60%), where-
as the pattern had the least influence (15.38% ).

e It was established that ANN is better than
RSM in terms of prediction accuracy (max
errors 6.90% UTS and 6.49% Ra), reduced
MSE (0.80 UTS, 1.51 Ra), and R=0.99997.

e ANOVA optimum parameters were LT 0.24
mm, ID 80, IP Line (maximum UTS) 38.463
Mpa, and LT 0.20 mm, ID 60, IP Grid (mini-
mum Ra) 1.88 um.

e ANN model validation demonstrated MAE
0.011 (UTS) and 0.032 (Ra) in 27 experiments,
which indicated that ANN models are more
stable in predicting all conditions than RSM.

e Analysis of standard errors established that
ANN predicts narrower bands as compared
to RSM, especially more accurate at extreme
parameter values (experiments 26-27 of UTS
and 5-8 of Ra).

The best FDM parameters obtained through
Taguchi/RSM/ANN in the printing process of
TPU are a good reference for manufacturing
operators. Application of these parameters may
result in improved performance of the mechan-
ics and the quality of the surface, as well as the
decreased number of repeated experiments. These
results can be used in the optimization of additive
manufacturing, providing a realistic set of guide-
lines that can be used to create high-performance
flexible TPU components.
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