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Abstract : The purpose of this article is to look at a
variety of tactics used in different industries to optimize the
operating parameters of 3D printing systems. Fused
Deposition Modeling (FDM), one of the most well-known
methods, has drawn a lot of interest because of its broad
range of applications in fields including die-making and
prototype development. FDM creates three-dimensional
objects by layering materials one after the other. Because of
its great versatility, the technique makes it possible to
produce complex geometries that would be challenging to
accomplish with conventional manufacturing techniques.
However, FDM still has drawbacks with regard to printing
speed, production time, and the structural soundness of the
printed parts. The quality of the finished product is directly
impacted by a number of variables, including the distance
between layers, orientation during printing, percentage of
internal fill, deposition angle, path width, and layer depth.
Determining and modifying the most important factors in
accordance with the particular needs of the item being
produced is therefore crucial. To tackle these challenges,
numerous researchers have explored advanced optimization
tools like experimental design approaches, surface response
modeling, evolutionary algorithms, neural network models,
and fuzzy logic systems. Many academics have investigated
cutting-edge optimization tools such as fuzzy logic systems,
evolutionary algorithms, surface response modeling,
experimental design approaches, and neural network
models in order to address these issues. Strength, accuracy,
and dependability are some of the important product
attributes that are improved by using these instruments.
Objective of this work is to present a thorough analysis of
the body of research on enhancing FDM results via efficient
process parameter adjustment.
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I.  INTRODUCTION

The continuous evolution of manufacturing
technologies has led to innovative approaches that move
beyond conventional subtractive methods. Among these,
layer-wise fabrication techniques have gained prominence
for their efficiency, design freedom, and material
savings[1]. One such technology involves building parts
directly from digital models by sequentially adding
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material, enabling the production of intricate components
without the need for complex tooling or extensive
machining|[2].

Originally introduced as a tool for rapid prototyping to
aid in design verification and concept visualization, this
technique has now matured into a reliable solution for
producing functional parts across diverse industries
including aerospace, automotive, and biomedical
sectors[3],[4],[5]. With advancements in process control
and material compatibility, it is now possible to fabricate
geometrically complex structures under simpler operating
conditions. Several processes have emerged under this
domain, such as stereo-lithography, powder bed fusion,
binder jetting, and material extrusion[6],[7],[8]. Among
them, the extrusion-based technique commonly referred to
as Fused Deposition Modeling (FDM) has become
particularly widespread[9],[10]. This process lets you
make long-lasting and complicated shapes out of
thermoplastic materials, and it is known for being easy to
use and cost-effective[2],[11],[12].

In FDM, a solid filament is heated and pushed via a
nozzle that is carefully controlled, that deposits the
material along predefined paths[13]. The object is built
layer by layer, providing both flexibility in design and
efficiency in production[14]. While this method offers
significant advantages over traditional manufacturing, It
also makes it hard to get great dimensional accuracy, a
good surface quality, and strong mechanics[2],[15].
Different processing variables, like layer height, infill
density, deposition angle, and part orientation, have a big
effect on these properties[6],[16],[17].

Given the sensitivity of final product performance to
these parameters, researchers have explored numerous
optimization techniques. Experimental frameworks and
computational strategies—including Taguchi methods,
genetic algorithms, neural networks, and fuzzy logic—
have been applied to fine-tune these variables for
improved results[14],[15],[19].
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Fig. 1. FDM Block Diagram [18]

This paper provides a comprehensive review of current
efforts in optimizing FDM process settings, with an
emphasis on enhancing mechanical properties, minimizing
build time, and improving overall part quality[20]. The
following sections cover an overview of key process
parameters, materials in use, optimization methodologies,
and concluding insights with future research
directions[18],[21].

A. Process Parameters

FDM has a lot of process settings that can change the
quality of the parts it makes. Following are the most
widely studied FDM process parameters:

1) Layer Thickness - Layer Thickness is an
important part of Fused Deposition Modelling
(FDM) that tells you how thick each layer of
material is when it is printed[16],[22]. It has a
direct effect on the printed part's surface polish,
dimensional accuracy, mechanical qualities, and
construction time[23]. Thinner layers usually
make surfaces smoother and features sharper, but
they also make the printing take longer. On the
other hand, thicker layers make the print time
shorter, but they could make the finish rougher
and the resolution poorer[24]. The selection of
optimal layer thickness depends on the application
requirements whether high precision or faster
production is prioritized[23].

3D printer nozzle
diameter

Printing
$layer
thickness

0.05 mm 0.1 mm 0.2 mm 0.3 mm

Fig. 2. Layer Thickness [23]
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2) Build Orientation - Build orientation is the angle
or location of a part on the build platform during
the 3D printing process. It is very important for
figuring out the ultimate quality, strength, surface
finish, and print time of the part[25]. A good
orientation can cut down on the requirement for
support structures, use less material, and improve
mechanical qualities in the right ways.
Conversely, poor orientation may lead to
increased warping, reduced dimensional accuracy,
and  weaker inter-layer  bonding[26],[27].
Therefore, selecting an optimal build orientation
is essential for improving the overall efficiency
and performance of the printed part[25].

C+45

Fig. 3. Build Orientation [25]

3) Raster Angle - Raster angle refers to the
orientation of the infill lines (or toolpath) inside
each layer of a 3D printed part, typically
measured in degrees relative to the X-axis[28]. It
determines the direction in which the material is
deposited within each layer during the Fused
Deposition Modeling (FDM) process. Common
raster angles include 0°, 45°, 90°, or alternating
patterns (e.g., +45°)[29]. The selection of raster
angle significantly affects the part’s mechanical
properties, such as tensile strength, stiffness, and
surface finish[18]. For example, parts printed with
alternating raster angles often exhibit improved
strength due to better inter-layer bonding and
more uniform stress distribution[24].
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Fig. 4. Raster Angle [24]
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4) Infill Pattern - The infill pattern in Fused
Deposition Modeling (FDM) refers to the internal
structure or layout used to fill the inside of a 3D
printed object[30],[31]. It is very important for
figuring out how strong, heavy, and long the item
will take to print. Grid, honeycomb, triangle,
gyroid, and line are all common infill
patterns[32]. Each one has its own set of
mechanical qualities and print speeds[33]. For
instance, honeycomb and gyroid designs are
strong and light, while line or grid patterns are
faster to print but may not be as strong. Selecting
an appropriate infill pattern depends on the
specific application requirements, such as load-
bearing capacity or flexibility[32].
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Fig. 5. Infill Pattern [32]

II. LITERATURE REVIEW

Jatti et.al investigates the influence of FDM process
parameters on the tensile strength of PLA parts and
employs six meta-heuristic optimization algorithms: PSO,
TLBO, GA, SA, CI, and JAYA[1]. The input factors that
were looked at are infill density, layer height, print speed,
and temperature during extrusion. Tensile strength testing
was done per ASTM D638 standards. Among all
optimization techniques, the Jaya algorithm yielded the
best performance with a maximum tensile strength of
55475 N/mm?[12]. The consistency of multiple
algorithms runs indicated their reliability. Validation
experiments confirmed that the optimized parameters
closely matched predicted outcomes with low error
margins[1]. This work also presents a comprehensive
literature review of past studies that investigated similar
mechanical properties of 3D-printed materials using
statistical and experimental approaches[13]. It emphasizes
the importance of operational range, material choice, and
interaction between variables in determining final
mechanical properties[34],[35].

This study explores the recycling of waste PLA from
3D printing into usable filament using a self-developed
extrusion system. The work applies a Design of
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Experiments (DOE) methodology, particularly the Taguchi
method (L9 orthogonal array), to identify optimal process
parameters affecting filament diameter and strength[36].
Barrel temperature, extrusion speed, cooling distance, and
the ratio of recycled material are all factors. The aim was
to achieve a filament diameter of 1.7 mm with good
mechanical strength. The study indicated that the most
important component was the temperature of the barrel,
followed by the amount of recycled material, the speed,
and the distance from the cooling. Filaments produced
from 40% recycled PLA exhibited a tensile strength 1.1
times that of commercial filament. Cost analysis revealed
that recycled filament was 40% cheaper to produce[2].

This study investigates the shear behavior of PLA
components fabricated via FDM, with a focus on
optimizing mechanical properties through key process
parameters: layer thickness, infill density, and heat
treatment duration. A Taguchi L9 orthogonal array was
used to design 27 experiments with three levels for each
parameter. Specimens were tested in torsion using an
electromechanical torsion tester to evaluate ultimate shear
strength (Sus), 0.2% yield strength (sy), proportional limit
(spl), shear modulus (G), and fracture strain (cf)[6].

This study analyzed how FDM 3D printing
parameters—temperature, speed, and layer height—affect
the mechanical strength, surface roughness, dimensional
accuracy, and print time of ULTRA PLA parts. Using a
factorial design of experiments, 30 tests were conducted.
Results showed that higher temperatures (up to 300°C)
and smaller layer heights (0.1 mm) significantly improve
tensile strength and surface quality. Printing speed had
minimal effect. Mathematical models and Pareto charts
identified temperature and layer height as key factors.
Optimal settings for strong, precise parts were 300°C, 60
mm/s, and 0.1 mm[15].

This study examined the effects of raster orientation
and printing speed on the mechanical properties of PLA
parts made via FDM. Tensile tests on 60 specimens
revealed that raster orientation had the most significant
impact—O0° orientation gave the highest strength, while
90° showed the lowest. Tensile strength dropped by up to
46% with increased raster angle. Higher printing speeds
(80 mm/s) slightly reduced strength and elongation. The
study also analyzed fracture modes and used two
theoretical models to predict strength, both matching well
with experimental data. The findings emphasize
optimizing raster direction for better mechanical
performance in 3D-printed PLA parts[18].

III. OPTIMIZATION TECHNIQUES

A. Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are computer
programs that are modeled after the composition and
operations of the human brain. Unlike traditional
computers that follow strict programming, ANNs learn
from experience by recognizing patterns and adapting
over time[37]. They are made up of linked processing
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units that collaborate to solve challenging issues, much
like artificial neurons such as image recognition, speech
processing, and adaptive control. Instead of exact
instructions, ANNs improve through training, adjusting
internal connections similar to how the brain forms
memories[19]. This brain-like approach to computing is
energy-efficient, adaptable, and represents a major shift in
the development of intelligent machines[37].

B.  Teaching Learning Based Optimization (TLBO)

Teaching-Learning-Based =~ Optimization = (TLBO)
algorithm, inspired by the learning dynamics between
teachers and students. Since its introduction in 2011,
TLBO has shown success across multiple domains due to
its simplicity, fast convergence, and no need for
algorithm-specific parameters[38]. Researchers have since
proposed various improvements and hybrid versions of
TLBO to enhance performance and tackle issues like
premature convergence. Examples include integrating
chaotic functions, local search mechanisms, weighted
averages, and hybrid models with neural networks or other
optimizers[38]. A recent advancement is RLTLBO, which
integrates reinforcement learning into the learner phase
and uses Random Opposition-Based Learning (ROBL) to
avoid getting stuck in local optima. This improved method
was tested against standard benchmark functions and
engineering design problems[1].

C. Response Surface Method (RSM)

Response Surface Methodology (RSM) is a commonly
used statistical tool for optimizing processes and product
development. It combines mathematical and statistical
methods to design experiments, build predictive models,
and find the best conditions for input variables to achieve
desired outcomes. RSM is especially useful when multiple
factors influence a process, allowing analysis of both
individual and interactive effects[36]. Using polynomial
regression, RSM models the relationship between inputs
and outputs, helping to fine-tune parameters and forecast
responses accurately. Its predictive strength and ability to
analyze multiple variables make it valuable for process
enhancement across industries. Design of Experiments
(DoE) complements RSM by identifying key variables
affecting outcomes. Common designs include 2k factorial,
simplex, and Plackett-Burman for first-order, and central
composite, 3% factorial, and Box-Behnken for second-
order studies[36].

D. 4. Particle Swarm Optimization (PSO)

The algorithm known as Particle Swarm Optimization
(PSO) draws inspiration from nature and designed to solve
complex, non-linear, and multidimensional problems
efficiently with minimal tuning. Introduced by Kennedy
and Eberhard in 1995, PSO is based on the collective
behavior seen in nature, such as bird flocking or fish
schooling, and is part of the broader field of Swarm
Intelligence[39].

In PSO, a group of candidate solutions, called
particles, explores the solution space guided by a fitness

21

Volume XI and Issue I1

function. Each particle evaluates its position and learns
from both its own experience and that of others[12].
Randomness in movement helps the particles explore new
areas, increasing the likelihood of finding optimal
solutions effectively[1].

E.  Genetic Algorithm (GA)

Genetic  Algorithms (GAs), inspired by natural
evolution and introduced by J. Holland in the 1970s, are
optimization methods that simulate the process of natural
selection. In GA, potential solutions are treated as
individuals in a population, and better solutions evolve
over successive generations. Each individual, or
chromosome, is evaluated using a fitness function[1].
Through repeated cycles of selection (choosing the fittest),
crossover (combining parents), and mutation (random
changes), new generations are formed. This process
continues until a stopping condition is met[12]. GAs is
effective for exploring complex, multi-modal, and discrete
solution spaces, making them powerful and flexible tools
for optimization[38].

IV. CASE STUDY ON TAGUCHI METHOD

The Taguchi Method is a statistical approach used to
optimize process parameters with minimal experiments. In
a case study with three factors—temperature, pressure,
and time—each at three levels, an L9 orthogonal array
was used to reduce the number of trials from 27 to 9[40].
After conducting the experiments and analyzing the
results using the "smaller-the-better" signal-to-noise (S/N)
ratio, the optimal setting was found to be 70°C, 20 bar
pressure, and 10 minutes[41]. This minimized defects,
improved quality, and saved time and resources, showing
the efficiency of the Taguchi Method in process
optimization[42].

Step 1: Define the Problem — Clearly identify the
objective of the study, such as minimizing defects,
improving product quality, or enhancing performance[43].
Select the key process parameters (factors) that may
influence the output and decide how many levels each

factor will have[16].This forms the basis of the
experimental design.

Factors Parameters Levels

1 2 3

A Layer thickness(mm) 0.1 015 02

B Feed rate (mmy/s) 20 40 60

C Raster angle 0 45° %°

infill pattern Infill density Nozzle temperature Bed temperature

Lines 80% 210°C 60°C

Fig. 6. Parameters [44]

Step 2: Select Orthogonal Array — Choose an
appropriate Taguchi orthogonal array, such as L9, L18, or
L27, depending on the number of factors and
levels[6],[21],[19]. This reduces the total number of



Asian Journal of Convergence in Technology
ISSN NO: 2350-1146 1.F-5.11

experiments needed while still covering all possible
interactions in a balanced way[45].

Step 3: Conduct Experiments and Measure QOutput —
Perform the experiments as per the combinations given in
the selected orthogonal array[19]. Carefully measure the
output or response for each trial, such as surface
roughness, number of defects, or processing
time[46],[47],[22].

Step 4: Analyze Results Using S/N Ratio (Smaller is
Better) — Convert the measured outputs into Signal-to-
Noise (S/N) ratios to identify which factor levels provide
the best performance[42]. If the goal is to minimize the
output (like defects), the “smaller-the-better” formula is
used[41]. This analysis helps to evaluate both the mean
and variability of results[39].

Step 5: Identify Optimal Factor Levels — Based on the
S/N ratio analysis, determine the optimal level of each
factor that contributes to the best performance. These
levels represent the ideal settings for the process[48].

Result of case study: To investigate the interactions
among different factors, the Taguchi L16 orthogonal array
was selected. The primary objectives of the experiment
were to identify the optimal results while minimizing the
number of experimental runs. The study focused on
analyzing three key parameters: layer height, feed rate,
and raster angle, to understand their influence on the
material’s behavior[28],[29].

V. CONCLUSION

This review investigated how the settings of the Fused
Deposition Modeling (FDM) method affected the
properties  of 3D printed components and examined
various optimization techniques commonly applied in this
field. Techniques such as Genetic Algorithms (GA),
Response Surface Methodology (RSM), and the Taguchi
Method were highlighted for their effectiveness in
identifying key parameters that affect properties like
mechanical strength, surface quality, and accuracy. The
review discussed a wide array of studies where these
methods have been used to refine FDM processes, though
it noted that most research has focused on enhancing part
properties and process performance. Areas like improving
3D printer design, investigating new materials, and

developing preventive maintenance strategies have
received less attention.
Several opportunities for future research were

identified in the review. For example, while ABS and PLA
are the most widely used materials, other thermoplastics
such as Nylon, PETG, and HIPS could offer valuable
alternatives for 3D printing. Additionally, process
parameters such as infill pattern, shell width, air gap, and
annealing have not been studied as extensively as other
parameters like layer thickness and build orientation,
presenting an opportunity for further optimization. There
is also limited research on multi-objective optimization,
where several factors are balanced simultaneously, which
could be an important area for future work. Other potential
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avenues for research include developing methods for 3D
printing in multiple planes to minimize the need for
support structures, as well as exploring 3D printing on
uneven surfaces or for repairing broken parts, both of
which could lead to significant advancements in the field
of additive manufacturing

REFERENCES

V. S. Jatti et al., “Optimization of tensile strength in 3D printed
PLA parts via meta-heuristic approaches: a comparative study,”
Front. Mater., vol. 10, no. January, pp. 1-15, 2023, doi:
10.3389/fmats.2023.1336837.

C. C. Kuo, J. Y. Chen, and Y. H. Chang, “Optimization of process
parameters for fabricating polylactic acid filaments using design of
experiments approach,” Polymers (Basel)., vol. 13, no. 8, 2021,
doi: 10.3390/polym13081222.

K. Badogu, R. Kumar, and R. Kumar, “3D Printing of Glass Fiber-
Reinforced Polymeric Composites: A Review,” Oct. 01, 2022,
Springer. doi: 10.1007/s40032-022-00873-1.

1. Elfaleh et al., “A comprehensive review of natural fibers and
their composites: An eco-friendly alternative to conventional
materials,” Sep. 01, 2023, Elsevier B.V. doi:
10.1016/j.rineng.2023.101271.

S. Singh, G. Singh, C. Prakash, S. Ramakrishna, L. Lamberti, and
C. I. Pruncu, “3D printed biodegradable composites: An insight
into mechanical properties of PLA/chitosan scaffold,” Polym.
Test., vol. 89, Sep. 2020, doi:
10.1016/j.polymertesting.2020.106722.

J. Torres, J. Cotelo, J. Karl, and A. P. Gordon, “Mechanical
property optimization of FDM PLA in shear with multiple
objectives,” Jom, vol. 67, no. 5, pp. 1183-1193, 2015, doi:
10.1007/s11837-015-1367-y.

S. Lodha et al., “Sustainable 3D printing with recycled materials:
a review,” Nov. 01, 2023, Korean Society of Mechanical
Engineers. doi: 10.1007/s12206-023-1001-9.

E. Thomazi, C. Roman, T. O. Gamba, C. A. Perottoni, and J. E.
Zorzi, “PLA-based ceramic composites for 3D printing of
anthropomorphic simulators,” Int. J. Adv. Manuf. Technol., vol.
128, no. 11-12, pp. 5289-5300, Oct. 2023, doi: 10.1007/s00170-
023-12206-2.

A. P. Agrawal, V. Kumar, J. Kumar, P. Paramasivam, S.
Dhanasekaran, and L. Prasad, “An investigation of combined
effect of infill pattern, density, and layer thickness on mechanical
properties of 3D printed ABS by fused filament fabrication,”
Heliyon, vol. 9, no. 6, Jun. 2023, doi:
10.1016/j.heliyon.2023.e16531.

M. Samykano, R. Kumaresan, J. Kananathan, K. Kadirgama, and
A. K. Pandey, “An overview of fused filament fabrication
technology and the advancement in PLA-biocomposites,” May 01,
2024, Springer Science and Business Media Deutschland GmbH.
doi: 10.1007/s00170-024-13394-1.

J. Sharifi, G. Rizvi, and H. Fayazfar, “Sustainable 3D printing of
enhanced carbon nanotube-based polymeric nanocomposites:
green solvent-based casting for eco-friendly electrochemical
sensing applications,” Int. J. Adv. Manuf. Technol., vol. 131, no.
9-10, pp. 4825-4837, Apr. 2024, doi: 10.1007/s00170-024-13337-
w.

M. P. G. Chandrashekarappa et al., “Analysis and optimization of
dimensional accuracy and porosity of high impact polystyrene
material printed by FDM process: PSO, JAYA, Rao, and bald
eagle search algorithms,” Materials (Basel)., vol. 14, no. 23, pp.
1-20, 2021, doi: 10.3390/ma14237479.

E. G. Ertane, A. Dorner-Reisel, O. Baran, T. Welzel, V. Matner,
and S. Svoboda, “Processing and Wear Behaviour of 3D Printed
PLA Reinforced with Biogenic Carbon,” Adv. Tribol., vol. 2018,
2018, doi: 10.1155/2018/1763182.

T. S. Tamir, G. Xiong, Q. Fang, X. Dong, Z. Shen, and F. Y.
Wang, “A feedback-based print quality improving strategy for
FDM 3D printing: an optimal design approach,” Int. J. Adv.

(1]

(2]

B3]

(4]

[3]

(]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]



Asian Journal of Convergence in Technology
ISSN NO: 2350-1146 1.F-5.11

[15]

[16]

[17]

[18]

[19

—

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28

[t

[29]

(30]

Manuf. Technol., vol. 120, no. 3-4, pp. 2777-2791, 2022, doi:
10.1007/s00170-021-08332-4.

A. C. Murariu, N. A. Sirbu, M. Cocard, and I. Duma, “Influence of
3D Printing Parameters on Mechanical Properties of the PLA Parts
Made by FDM Additive Manufacturing Process,” Eng. Innov., vol.
2, pp. 7-20, 2022, doi: 10.4028/p-4isiu8.

A. Equbal, A. K. Sood, A. R. Ansari, and M. A. Equbal,
“Optimization of process parameters of FDM part for minimiizing
its dimensional inaccuracy,” Int. J. Mech. Prod. Eng. Res. Dev.,
vol. 7, no. 2, pp. 57-66, Apr. 2017.

A. M. M. Nazmul Ahsan and B. Khoda, “Characterizing Novel
Honeycomb Infill Pattern for Additive Manufacturing,” J. Manuf.
Sci. Eng. Trans. ASME, vol. 143, no. 2, pp. 1-14, 2021, doi:
10.1115/1.4048044.

M. R. Khosravani, F. Berto, M. R. Ayatollahi, and T. Reinicke,
“Characterization of 3D-printed PLA parts with different raster
orientations and printing speeds,” Sci. Rep., vol. 12, no. 1, Dec.
2022, doi: 10.1038/s41598-022-05005-4.

A. Karadag and O. Ulkir, “Prediction of Dimensional Accuracy
and Surface Quality in Additively Manufactured Biomedical
Implants Using ANN,” Int. J. Precis. Eng. Manuf., vol. 26, no. 5,
pp. 1187-1213, 2025, doi: 10.1007/s12541-025-01229-2.

G. Sahin, H. Ozyildinm, and A. Sahin, “Investigation of
mechanical and printing properties of poly(lactic acid) and its
composite filaments used in 3D printing,” Iran. Polym. J. (English
Ed., vol. 33, no. 1, pp. 79-91, Jan. 2024, doi: 10.1007/s13726-
023-01240-2.

A. J. Arockiam, S. Rajesh, S. Karthikeyan, and G. B.
Sathishkumar, “Optimization of fused deposition 3D printing
parameters using taguchi methodology to maximize the strength
performance of fish scale powder reinforced PLA filaments,” Int.
J. Interact. Des. Manuf-, vol. 18, no. 6, pp. 3813-3826, Aug. 2024,
doi: 10.1007/s12008-024-01853-8.

P. K. Mishra, S. Salve, and T. Jagadesh, “Investigations into
Impact Behavior of 3D Printed Nylon Short Carbon Fiber
Composite,” J. Inst. Eng. Ser. D, vol. 105, no. 2, pp. 1047-1058,
Aug. 2024, doi: 10.1007/540033-023-00551-1.

N. Ayrilmis, “Effect of layer thickness on surface properties of 3D
printed materials produced from wood flour/PLA filament,”
Polym. Test., vol. 71, no. October 2020, pp. 163-166, 2018, doi:
10.1016/j.polymertesting.2018.09.009.

H. Qayyum et al., “Effect of Raster Angle and Infill Pattern on the
In-Plane and Edgewise Flexural Properties of Fused Filament
Fabricated Acrylonitrile-Butadiene—Styrene,” Appl. Sci., vol. 12,
no. 24, 2022, doi: 10.3390/app122412690.

Z. H. Obaide and N. A. Saad, “Experimental Study of Effect of
Infill Density on Tensile and Compressive Behaviors of Poly
Lactic Acid (PLA) Prepered by 3D Printed (FDM),” Rev. des
Compos. des Mater. Av., vol. 35, no. 1, pp. 97-103, 2025, doi:
10.18280/rcma.350112.

H. Gonabadi, & A. Yadav, and S. J. Bull, “The effect of
processing parameters on the mechanical characteristics of PLA
produced by a 3D FFF printer”, doi: 10.1007/s00170-020-06138-
4/Published.

M. M. Hanon, L. Zsidai, and Q. Ma, “Accuracy investigation of
3D printed PLA with various process parameters and different
colors,” Mater. Today Proc., vol. 42, pp. 3089-3096, 2021, doi:
10.1016/j.matpr.2020.12.1246.

R. Alkabbanie, B. Aktas, G. Demircan, and S. Yalcin, “Short
carbon fiber-reinforced PLA composites: influence of 3D-printing
parameters on the mechanical and structural properties,” Iran.
Polym. J. (English Ed., vol. 33, no. 8, pp. 1065-1074, Aug. 2024,
doi: 10.1007/s13726-024-01315-8.

O. TUNCEL, “The influence of the raster angle on the
dimensional accuracy of FDM-printed PLA, PETG, and ABS
tensile specimens,” Eur. Mech. Sci., vol. 8, no. 1, pp. 11-18, 2024,
doi: 10.26701/ems.1392387.

A. Shrivastava, J. S. Chohan, and R. Kumar, “On Mechanical,
Morphological, and Fracture Properties of Sustainable Composite
Structure Prepared by Materials Extrusion-Based 3D Printing,” J.
Mater. Eng. Perform., Sep. 2023, doi: 10.1007/s11665-023-

23

(311

[32]

[33]

[34]

[35]

[36]

(371

[38]

[39]

(40]

[41]

[42]

[43]

[44]

[45]

[46]

Volume XI and Issue I1

08593-y.

V. Cojocaru, D. Frunzaverde, and C. O. Miclosina, “On the
Behavior of Honeycomb, Grid and Triangular PLA Structures
under Symmetric and Asymmetric Bending,” Micromachines, vol.
14, no. 1, 2023, doi: 10.3390/mi14010120.

I. Bogrekci, P. Demircioglu, H. Saygin Sucuoglu, and O.
Turhanlar, “the Effect of the Infill Type and Density on Hardness
of 3D Printed Parts,” Int. J. 3D Print. Technol. Digit. Ind., vol. 3,
no. 3, pp. 212-219, 2019.

T. S. Tamir, G. Xiong, Q. Fang, X. Dong, Z. Shen, and F. Y.
Wang, “A feedback-based print quality improving strategy for
FDM 3D printing: an optimal design approach,” Int. J. Adv.
Manuf. Technol., vol. 120, no. 3—4, pp. 2777-2791, May 2022,
doi: 10.1007/s00170-021-08332-4.

T. M. Joseph et al., “3D printing of polylactic acid: recent
advances and opportunities,” Mar. 01, 2023, Springer Science and
Business Media Deutschland GmbH. doi: 10.1007/s00170-022-
10795-y.

B. Aruanno, A. Paoli, A. V. Razionale, and F. Tamburrino, “Effect
of printing parameters on extrusion-based additive manufacturing
using highly filled CuSn12 filament,” Int. J. Adv. Manuf. Technol.,
vol. 128, no. 3-4, pp. 1101-1114, Sep. 2023, doi:
10.1007/s00170-023-11919-8.

M. Reji and R. Kumar, “Response surface methodology (RSM):
An overview to analyze multivariate data,” Indian J. Microbiol.
Res., vol. 9, no. 4, pp. 241-248, 2022, doi:
10.18231/j.ijmr.2022.042.

C. Fetecau, F. Stan, and D. Boazu, “Artificial Neural Network
Modeling of Mechanical Properties of 3D-Printed Polyamide 12
and Its Fiber-Reinforced Composites,” Polymers (Basel)., vol. 17,
no. 5, pp. 1-28, 2025, doi: 10.3390/polym17050677.

D. Wu, S. Wang, Q. Liu, L. Abualigah, and H. Jia, “An Improved
Teaching-Learning-Based ~ Optimization =~ Algorithm  with
Reinforcement Learning Strategy for Solving Optimization
Problems,” Comput. Intell. Neurosci., vol. 2022, 2022, doi:
10.1155/2022/1535957.

A. S. Mangat, S. Singh, M. Gupta, and R. Sharma, “Experimental
investigations on natural fiber embedded additive manufacturing-
based biodegradable structures for biomedical applications,”
Rapid Prototyp. J., vol. 24, no. 7, pp. 1221-1234, Oct. 2018, doi:
10.1108/RPJ-08-2017-0162.

P. Anerao, A. Kulkarni, Y. Munde, A. Shinde, and O. Das,
“Biochar reinforced PLA composite for fused deposition
modelling (FDM): A parametric study on mechanical
performance,” Compos. Part C Open Access, vol. 12, no.
September, p. 100406, 2023, doi: 10.1016/j.jcomc.2023.100406.
R. L. Yaqin et al., “Material and process parameter optimization
for dimensional accuracy in Fused Deposition Modeling 3D
printing,” J. Polimesin, vol. 22, no. 6, pp. 581-589, 2024.

H. Hasdiansah, R. I. Yagqin, P. Pristiansyah, M. L. Umar, and B. H.
Priyambodo, “FDM-3D printing parameter optimization using
taguchi approach on surface roughness of thermoplastic
polyurethane parts,” Int. J. Interact. Des. Manuf., vol. 17, no. 6,
pp. 3011-3024, Dec. 2023, doi: 10.1007/s12008-023-01304-w.

J. A. Foppiani et al., “Redefining Surgical Materials: Applications
of Silk Fibroin in Osteofixation and Fracture Repair,”
Biomimetics, vol. 9, mno. 5, p. 286, May 2024, doi:
10.3390/biomimetics9050286.

S. Pachauri, N. K. Gupta, and A. Gupta, “Influence of 3D printing
process parameters on the mechanical properties of polylactic acid
(PLA) printed with fused filament fabrication: experimental and
statistical analysis,” Int. J. Interact. Des. Manuf., 2023, doi:
10.1007/s12008-023-01424-3.

J. Sultana, M. M. Rahman, Y. Wang, A. Ahmed, and C. Xiaohu,
“Influences of 3D printing parameters on the mechanical
properties of wood PLA filament: an experimental analysis by
Taguchi method,” Prog. Addit. Manuf., vol. 9, no. 4, pp. 1239—
1251, Aug. 2024, doi: 10.1007/s40964-023-00516-6.

V. K N, D. Bonthu, M. Doddamani, and F. Pati, “Additive
Manufacturing of Short Silk Fiber Reinforced PETG Composites,”
Mater. Today  Commun., vol. 33, Dec. 2022, doi:



Asian Journal of Convergence in Technology
ISSN NO: 2350-1146 1.F-5.11

[47]

(48]

10.1016/j.mtcomm.2022.104772.

A. Smirnov, S. Terekhina, T. Tarasova, L. Hattali, and S.
Grigoriev, “From the development of low-cost filament to 3D
printing ceramic parts obtained by fused filament fabrication,” /nz.
J. Adv. Manuf. Technol., vol. 128, no. 1-2, pp. 511-529, Sep.
2023, doi: 10.1007/s00170-023-11849-5.

A. Equbal, A. K. Sood, A. R. Ansari, and M. A. Equbal,
“Optimization of process parameters of FDM part for minimiizing
its dimensional inaccuracy,” Int. J. Mech. Prod. Eng. Res. Dev.,
vol. 7, no. 2, pp. 57-66, 2017.

24

Volume XI and Issue I1




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


