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Abstract

This study investigates the influence of key process parameters – printing
speed, temperature, and layer height – on the performance characteristics of
three widely used Fused Deposition Modelling (FDM) materials: polylactic
acid (PLA), acrylonitrile butadiene styrene (ABS), and nylon. The primary
objective is to optimise surface roughness, shear strength, and wear resistance
using advanced modelling and optimisation techniques. An L9 orthogonal
array was used to vary the process parameters in the experimental design
systematically. Analysis of Variance (ANOVA) was conducted to identify
the factors that significantly influence surface roughness, shear strength, and
wear resistance. Regression analysis and signal-to-noise (S/N) ratio charts
were employed to assess the impact of each parameter. An Artificial Neu-
ral Network (ANN) was trained on the experimental data to predict shear
strength and wear resistance accurately. Finally, a Genetic Algorithm (GA)
was applied for multi-objective optimisation to simultaneously minimise
surface roughness and wear resistance while maximising shear strength.
The ANN model exhibited excellent predictive performance, with R-values
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of 0.99687 for shear strength and 0.91182 for wear resistance. The best
parametric combination – 30 mm/s printing speed, 230◦C temperature, and
0.1 mm layer height – yielded 114 MPa shear strength, 94 µm surface
roughness, and 0.08 wear resistance. Nylon demonstrated the highest shear
strength and wear resistance under specific process conditions, while PLA
provided the lowest surface roughness at optimal settings. The integration
of ANN and GA provides a robust framework for process optimisation in
FDM. The findings offer a basis for developing adaptive control strategies
and reducing post-processing costs, contributing to improved performance
and manufacturability of 3d-printed components.
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1 Introduction

Additive manufacturing (AM) is a sophisticated method for producing intri-
cate geometries and structures by depositing material in layer form, based
on 3d model data. Additive manufacturing is also called rapid prototyp-
ing, on-demand manufacturing, digital fabrication, desktop manufacturing,
solid freeform manufacturing, layer manufacturing, direct manufacturing
techniques, or 3d printing. The AM process starts with designing a 3d
design by using computer-aided design (CAD) software, which is sliced into
layers by slicing software and then used to instruct the printer to fabricate
the part through techniques like material extrusion, VAT polymerisation, or
powder bed fusion. Polymers, metals, ceramics, and composites are typical
materials used. Fused Deposition Modelling (FDM) is a popular additive
manufacturing technology, invented by Stratasys in 1988. It produces parts
layer by layer by extruding hot thermoplastic materials from a heated nozzle.
The process starts with loading filament material into the extruder, which
gets melted and deposited upon the build platform based on the design
specified in the CAD model. It hardens as it cools down, forming the
intended three-dimensional object. A summary of the previous literature
relevant to the earlier study is provided in this section. Product manufacturing
applies more advanced business models in engineering and manufacturing,
presenting many production and consumption options without facing huge
challenges [1]. The mechanical performance of ABS is highly dependent
upon FDM parameters, where the raster angle and gap influence properties;
however, a negative gap shows increased performance, while a positive gap
lowers the performance [2]. The laser treatment on the BMGMC samples
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modifies the microstructure. It changes the size, morphology, and dispersion
of the CuZr B2 phase into the base metal, heat-affected zone, and fusion
zone. The technique was applied to document the treatment and emphasise
the complexity of the thermal history of metallic AM parts/alloys [3]. The
areas where Advanced Manufacturing (AM) changes the industry’s face are
geometry processing and material design. Because of the emergence of AM,
geometry processing and material design benefits have been made available
in education [4]. Gu et al. explore the utilisation of powder materials in laser-
based material characterisation (AM) of metallic components, especially
their physical properties, densification mechanisms, and the relation between
the material, process, and metallurgical mechanisms [5]. Through intensive
research over the last twenty years, tremendous growth has been made in the
development and commercialisation of new and innovative AM processes,
and numerous practical applications have been developed in aerospace,
automotive, biomedical, energy, and other fields. Thus, through intensive
research, AM technology has made tremendous progress through advancing
its applications in various fields and has shown significant progress in the field
of research [6]. The relationship of AM processes with materials is complex
and includes laser and electron beam melting. Typical microstructures of
additively manufactured steel, aluminium, and titanium that are presented go
along with properties evolving under static as well as dynamic loading [7].
A comparison of cost, traditional injection moulding vs layer manufacturing
techniques (stereolithography, fused deposition modelling, laser sintering),
shows that in certain geometries, layer manufacturing techniques can become
more economical [8]. Rapid prototyping techniques develop shaped objects
by iteratively adding material. These methods are distinct from shaping
and material removal manufacturing processes. Ten years of research and
development in rapid prototyping, focusing on process-by-process details and
technological and economic trends [9]. Metallic materials fabricated by direct
energy deposition and powder bed fusion are evaluated in terms of strength,
toughness, and the formation of fatigue cracks [10]. Polymer processing is a
crucial aspect of advanced polymer systems, particularly in additive manufac-
turing (AM). Techniques like sheet lamination, extrusion, and 3d bioprinting
are used to create a range of polymers, including thermoplastics, thermosets,
elastomers, hydrogels, functional polymers, and biological systems. These
polymers are used in various applications, including lightweight engineer-
ing, architecture, food processing, optics, energy technology, dentistry, and
personalised medicine [11]. This new development of a metal/polymer com-
posite material for FDM rapid prototyping involves cost and time savings.
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The feedstock consists of iron particles dispersed within a nylon-type matrix.
An experimental investigation has been carried out on the thermal properties
compared to other composites. Feedstock filaments were successfully used
in an unmodified FDM system for injection moulding inserts [12]. The well-
ordered tissue constructs in human tissues and organs are created using
computer-aided design techniques in additive manufacturing. The spatial
variations of cells and biomaterials are produced in these techniques, which
would speed up the process of understanding how to create tissue and its
function. That is still insufficient, though, because the availability of suitable
polymers is still below expectations, and the application already needs prac-
ticality [13]. 3d printing is the additive production technique that produces
an object layer by layer based on a CAD program. It improves the times
of production times for small parts and is flexible. Fused Deposition Mod-
elling FDM employs plastic filament and heated extrusion nozzles. Various
challenges and mechanical properties are presented in the production process
with different materials [14]. The FDM technique is a critical element of 3d
printing and material requirements. This part briefly discusses the pros and
cons of recycled, bio-based, and blended thermoplastics, and available solu-
tions for improving their mechanical properties before, during, and after the
printing process [15]. The thermal and mechanical properties of new metal-
particle-filled ABS composites developed for Fused Deposition Modelling
applications are presented. DMA techniques were adopted to characterise the
viscoelastic properties. It was found that the inclusion of the metallic filler
in the composite improved the thermal and mechanical properties of ABS.
Thus, such composite applications in various fields can help achieve high-
performance prototypes on FDM platforms [16]. Additive manufacturing
(AM) involves the formation of parts from powder, wire, or sheets using
various techniques developed for melting or solid-state joining. Techniques
are targeted at processing defects, heat transfer, solidification, solid-state
precipitation, mechanical properties, and post-processing metallurgy. New
efforts focus on new material developments for commercial production [17].
Additive manufacturing, also popularly known as 3d printing, is one of the
popular processing methods of fibre composites, which has received a great
deal of attention in terms of high performance and durability. However,
the inherent strength of these composites is quite lower in comparison to
the conventional methods of injection moulding. This article reviews the
analysis of the performance of FDM-fabricated polymer-fibre composites
during mechanical testing and the observed properties, along with the effect
of various processing parameters on the resultant thermal properties [18].
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Layer structures as well as road structures have a direct significant effect on
the mesostructure and mechanical properties of polymer chains. Schemes of
deposition, such as adaptive slicing and curved layer deposition, are critical
to achieve the maximum connectivity and continuity of polymer chains in
their network. Curved layer deposition is suggested for FDM, particularly
for thin shell-like parts, to ensure fibre continuity. An enhancement in the
mathematical models of curved slicing towards improved mechanical char-
acteristics in printed parts has been established [19]. Recent decades have
witnessed tremendous growth in Additive Manufacturing technologies, con-
centrating more on the evolution of engineering design and taking advantage
of the possibilities of the technology while its constraint is mitigated. It
provides opportunities, constraints, and economic considerations for design
for AM production with key industrial applications, future challenges, and
promising research directions for maximising AM’s potential in the indus-
try [20]. Orthopaedic regenerative medicine uses the principle of mimicking
the biomechanical properties of host bones in the design of bone scaffolds and
implants. Porous metals offer flexible stiffness and porosity, hence enabling
the in-growth of bone tissue, which further accelerates osseointegration.
Additive manufacturing, a more recent manufacturing technique, now offers
complex structures with customised mechanical performance. Topology opti-
misation techniques allow porous metals to achieve specified mechanical
properties, hence, the implants designed by this approach of additive man-
ufacturing are of interest [21]. Wire + Arc Additive Manufacturing is a
manufacturing technology enabling large, critical components to be deposited
in metals such as titanium, aluminium, and steel. This process provides
higher deposition rates, low material and equipment costs, and good structural
integrity for use as a replacement for low and medium-complexity parts [22].
Additive manufacturing is revolutionising the manufacturing industry by
offering strength and accuracy. Despite much research and development,
additive manufacturing has become the most crucial part of the future of
manufacturing, despite an improvement in handling various materials [23].
The work studies characteristic features of the FDM process in producing the
product using PLA, ABS, and Nylon by investigating Compressive Strength,
surface roughness (Ra), and Wear Resistance by doing experimental studies
on various process parametric combinations of Printing Speed (PS), Printing
Temperature (PT), and Layer Height (LH). ANOVA was used to analyse this
experimental data. Concerning the Taguchi Methodology, the Signal to Noise
Ratio (S/N ratio) reveals how significant process parameters will affect the
individual response [24]. A broad overview of Additive Manufacturing (AM)
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technologies, highlighting their ability to create complex geometries layer by
layer, which is crucial for micro-scale component fabrication. This review
establishes the foundation for understanding AM’s potential and challenges
in producing micro-devices, a key focus of micromechanics and microengi-
neering. Additive manufacturing, particularly using the FDM process, was
analysed in this study with three polymers: PLA, ABS, and Nylon. Key
control parameters – work material, printing speed, temperature, and layer
height – were examined for their effects on surface roughness, compressive
strength, and wear resistance. An L9 orthogonal array and Taguchi method-
ology identified significant parameters using ANOVA. S/N ratio graphs
illustrated their impact, and regression analysis further validated the findings.
The response data were processed through an artificial neural network for
training and testing. A genetic algorithm (GA) optimised the parametric com-
binations, resolving contradictions in response objectives. The GA yielded a
unique set of optimal parameters and corresponding responses, improving
efficiency in manufacturing complex geometries.

2 Method

The present experimental study was conducted on Delta WASP 2040 Indus-
trial X with Sigma D25 as shown in Figure 1. Three different polymer
material filaments were used, namely, PLA (Polylactic Acid), ABS (Acry-
lonitrile Butadiene Styrene) and Nylon. Figure 2 shows the product developed
in different polymer materials. Other variable parameters that are considered
are Printing Speed, Printing Temperature and Layer Height. Three different

Figure 1 FDM machine.
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Figure 2 Product in (a) PLA, (b) ABS, (c) Nylo.

Table 1 Control parameters and levels
Levels

Control Parameters Symbols Units L1 L2 L3
Printing Speed PS mm/s 30 50 70
Printing Temp PT ◦C 190 210 230
Layer Height LH mm 0.1 0.2 0.3

responses, such as surface finish, shear strength and wear resistance, are
measured during the experimentation following the L9 orthogonal array. The
Perthometer M1 is a stylus-type profilometer produced by Mahr Gmbh and is
used to determine the surface finish of the product, which is expressed in µm
as Ra. A shear strength test is done on the objects with the help of a Universal
Testing Machine of TUE-C-100. The wear resistance test is done by using
a Tribotester of (TR-20LE) DUCOM make. Depending upon the capacity
of the FDM machine, the control parameters and their levels are shown in
Table 1. The optimisation of 3d printing parameters using PLA, ABS, and
nylon materials was the primary focus of this research. The analysis is done
using Minitab 17 software.

3 Results

3.1 Analysis Using ANOVA

The graph of the S/N ratio is an analytical tool for Response Surface Method-
ology. It could be applied to determine the robustness of the process, which is
defined by three responses: wear resistance, surface roughness, and strength.
The higher values of the S/N ratio indicate stability and lower sensitivity to
parameter variability. The smaller values will account for a smoother surface
with the best strength.
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Signal-to-noise: Smaller is better

Figure 3 S/N ratio for surface finish.

The S/N Ratio Plot, as illustrated in Figure 3, shows how material, print
speed, print temperature, and layer height affect the factors of surface rough-
ness. The better surface is observed using PLA, printing speed of 70 mm/s,
Printing Temperature of 210◦C and layer height of 0.3 mm.

The S/N Ratio Plot, as illustrated in Figure 4, shows how material, print
speed, print temperature, and layer height affect the factors of strength.

Figure 4 S/N ratio for strength.
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Figure 5 S/N ratio for wear resistance.

The maximum strength has been observed for Nylon while Printing Speed
is 30 mm/s, Printing Temperature of 230◦C and layer height of 0.1 mm.

The S/N Ratio Plot, as illustrated in Figure 5, indicates that maximum
wear resistance is observed using Nylon at the Printing Speed of 70 mm/s,
Printing temperature of 190◦C and Layer height of 0.3 mm.

3.2 Result Analysis Using ANN

The Box–Behnken design, a response surface methodology (RSM) approach,
was adopted for developing the second-order regression models using the
control parameters – Printing Speed, Printing Temperature, and Layer
Height – and the measured responses – Strength, Surface Roughness, and
Wear Resistance. It is important to note that no additional physical experi-
ments were conducted under the Box–Behnken design. The model was used
only to generate the quadratic regression equations required for ANN training
and Genetic Algorithm (GA) optimisation.

An Artificial Neural Network (ANN) was employed for predictive mod-
elling. A two-layer feedforward network with sigmoid activation functions
in the hidden layer and linear activation functions in the output layer was
used, which is suitable for regression problems. The Levenberg–Marquardt
algorithm was applied as the training function to minimise the Mean Squared
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Error (MSE). In all cases, 70% of the data were used for training, 15% for
testing, and the remaining 15% for validation.

Figure 6 illustrates the relationship between the predicted surface rough-
ness (output) and the actual surface roughness (target) for the training,
validation, and test datasets. The model demonstrates strong predictive capa-
bility, indicating that it successfully captures the relationship between the
input parameters and surface roughness.

Figure 6 Surface roughness regression plot.

Figure 7 illustrates the performance of an Artificial Neural Network
(ANN) model trained to predict surface roughness based on various printing
parameters. The graph suggests that the ANN model overfits after a few
epochs. The best validation performance achieved at epoch 2 suggests that
further training might not improve the model’s generalisation ability.

Figure 8 shows the regression graphs of Artificial Neural Network (ANN)
modelling applied to predict the Shear Strength response of 3d-printed
samples (PLA, ABS, and Nylon) under various process parameters (Printing
Speed, Printing Temperature, Layer Height). The ANN model fits the training
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Figure 7 Surface roughness performance graph.

Figure 8 Shear strength regression plot.
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data well, as evident by the high R-value (0.99687). This indicates the model
has effectively captured the underlying relationship between process parame-
ters and the Shear Strength response. With an overall R-value of 0.91182, the
model demonstrates good predictive capability.

Figure 9 Shear strength performance graph.

Figure 9 illustrates the performance of an Artificial Neural Network
(ANN) model trained to predict shear strength based on various printing
parameters. The key metric used to assess the model’s performance is Mean
Squared Error (MSE). The graph suggests that the ANN model overfits after
a few epochs. The best validation performance was achieved at epoch 2.
The model’s performance at this point is a good balance between fitting the
training data and generalising it to new data.

Figure 10 provides the regression graph that visualises the relationship
between the predicted wear resistance (output) and the actual wear resistance
(target) for different model training sets. The model demonstrates excellent
performance on the training, validation, and test sets, indicating its ability
to learn the underlying patterns in the data and generalise well to new,
unseen data. The near-perfect R-values suggest that the model captures the
relationship between the input features and wear resistance very accurately.

Figure 11 illustrates the performance of an Artificial Neural Network
(ANN) model trained to predict wear resistance based on various printing
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Figure 10 Wear resistance regression plot.

Figure 11 Resistance performance graph.

parameters. The key metric used to assess the model’s performance is Mean
Squared Error (MSE). The training and validation MSEs decrease rapidly
during the initial epochs, indicating that the model is learning quickly. The
model’s performance at this point is a good balance between fitting the
training data and generalising it to new data.
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3.3 Result Analysis Using Genetic Algorithm

A. Decision Variables

x1 = Printing Speed (mm/s)
x2 = Printing Temperature (◦C)
x3 = Layer Height (mm)

B. Empirical Objective Functions (Second-Order Regression Model)

B.1. Surface Roughness (Minimize)

Ra = β0 + β1x1 + β2x2 + β3x3 + β12x1x2 + β13x1x3

+ β23x2x3 + β11x12 + β22x22 + β33x32

B.2 Shear Strength (Maximize)

Ss = γ0 + γ1x1 + γ2x2 + γ3x3 + γ12x1x2 + γ13x1x3

+ γ23x2x3 + γ11x12 + γ22x22 + γ33x32

B.3 Wear Resistance (Minimize)

Wr = δ0 + δ1x1 + δ2x2 + δ3x3 + δ12x1x2 + δ13x1x3

+ δ23x2x3 + δ11x12 + δ22x22 + δ33x32

C. General Polynomial Form

Y = b0 + Σ(bi xi) + Σ(bii xi2) + Σ(bij xi xj)

D. Multi-Objective Optimization Model

MinimizeF(x) = [Ra(x),−Ss(x),Wr(x)]

E. Constraints

30 ≤ x1 ≤ 70

190 ≤ x2 ≤ 230

0.1 ≤ x3 ≤ 0.3

A multi-objective optimisation is carried out using GA so that three
contradictory objectives, i.e. minimum Surface roughness, maximum shear
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Figure 12 Plot function for GA.

strength and minimum wear resistance satisfied simultaneously. Figure 12
shows the results of a multi-objective optimisation using a Genetic Algo-
rithm (GA) for the three responses: minimum surface roughness, maximum
shear strength, and minimum wear resistance. From the graph, the Average
Distance Between Individuals (Top Left) shows how similar or diverse the
individuals (solutions) are across generations. The sharp drop suggests rapid
convergence, meaning solutions quickly become similar to one another. Pop-
ulation Evolution (Top Centre) tracks individuals across generations. The
red and blue lines indicate changes in population and potential mutations
or crossovers. The dense shifts suggest active exploration and exploitation
of the solution space. Score Histogram (Top Right) represents the distri-
bution of objective function values. The three coloured bars indicate the
range of values for surface roughness (fun1), shear strength (fun2), and
wear resistance (fun3). A narrow spread for some objectives hints at quick
optimisation. The Selection Function (Middle Left) shows the number of
offspring produced by different individuals, indicating how often certain
individuals are chosen for reproduction. Higher offspring counts show more
“fit” individuals dominating selection. Stopping Criteria (Middle Centre) is
a flat graph that implies the stopping condition (likely based on generation
count or convergence) was met before criteria like improvement threshold
were fully satisfied. Pareto Front (Middle Right) is a crucial plot in multi-
objective optimisation. It shows the trade-off between Objective 1 (like
surface roughness) and Objective 2 (like shear strength). Points on this curve
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represent optimal solutions where improving one objective would worsen
another. Distance of Individuals (Bottom Left) Measures how spread out the
solutions are in the solution space. Higher spikes show some outliers, but
most solutions stay closely packed. The Rank Histogram (Bottom Centre) is
a distribution of ranks among individuals. Lower ranks likely indicate better
solutions, and most individuals are clustered in the lower ranks, suggesting
good performance overall. Average Spread (Bottom Right) tracks diversity in
the population over generations. A spread around 0.448 suggests that even
while the population converges, some diversity is retained, which helps avoid
local optima.

The GA successfully balances minimising surface roughness and wear
resistance while maximising shear strength. The Pareto front shows the best
trade-offs between these objectives, and the quick convergence with retained
diversity ensures both efficiency and quality in finding optimal parameter
combinations. The parametric combinations obtained are a Printing Speed
of 30 mm/s, a printing temperature of 230◦C and of 0.1 mm layer height
where a Shear Strength of 114 MPa, Surface roughness of 94 µm, and wear
resistance of 0.08.

4 Discussion

ANOVA is utilised to identify the lowest Surface Roughness with PLA at
70 mm/s, 210◦C printing temperature, and 0.3 mm layer height. At a printing
speed of 30 mm/s, printing temperature of 230◦C, and layer height of 0.1 mm,
nylon has the highest shear strength. At a printing speed of 70 mm/s, printing
temperature of 190◦C, and layer height of 0.3 mm, nylon has the highest wear
resistance. Regression plots are used to illustrate the relationship between the
target surface roughness and expected surface roughness (output) for different
model training sets by ANN. Regression graphs of Artificial Neural Network
(ANN) modelling were used to predict the Shear Strength response of 3d-
printed materials (PLA, ABS, and nylon) under different process parameters
(Printing Speed, Printing Temperature, Layer Height). The high R-value
(0.99687) confirms that the ANN model suits the training data well. This
implies that the inherent relationship between process parameters and the
Shear Strength response has been well represented by the model. The overall
R-value of 0.91182 shows that the model is highly predictive. For various
model training sets, the regression graph shows the correlation between the
expected wear resistance (output) and the actual wear resistance (target).
The model performs exceptionally well on the test, validation, and training
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Table 2 Validation of the predicted result

Response Parameter Predicted Value Experimental Value % Deviation

Shear Strength (MPa) 114 108 5.26%

Surface Roughness (µm) 94 101 7.45%

Wear Resistance 0.08 0.085 6.25%

sets, demonstrating its capacity to identify underlying patterns in the data
and to generalise effectively to previously unseen data. The model appears
to accurately represent the link between wear resistance and input variables,
as indicated by the nearly perfect R-values. To simultaneously satisfy three
conflicting objectives – minimal surface roughness, maximum shear strength,
and minimum wear resistance – a multi-objective optimisation is performed
using GA. The resulting parametric combinations are 30 mm/s printing speed,
230◦C printing temperature, and 0.1 mm layer height, with 114 MPa shear
strength, 94 µm surface roughness, and 0.08 wear resistance. The validation
of the predicted result has been shown in the Table 2 which shows that the
predicted values and experimental results have a deviation less than 10%.

5 Conclusion

The behaviour of three widely used 3d printing materials – PLA, ABS,
and nylon – is studied in the FDM method in this research. The influences
of other control parameters on surface roughness, compressive strength,
and wear resistance are explored. The parameters considered are printing
speed, temperature, and layer height. With the L9 orthogonal array and a
well-planned experimental procedure, ANOVA is employed to determine
significant process parameters. S/N ratio charts and regression analysis are
utilised to investigate the influence of multiple parameters. An Artificial
Neural Network is trained with response data, and a Genetic Algorithm is
utilised to produce a unique set of parametric combinations. This set of inputs
can be used for further optimisation of other functions like machining cost,
and therefore can act as a backbone of adaptive control strategies.
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