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Abstract

This study investigates the tribological behavior of Graphene-reinforced Recycled Acrylonitrile Butadiene
Styrene (rABS/GR) nanocomposites fabricated via Fused Filament Fabrication (FFF). The rABS/GR
nanocomposite fillament was prepared through mechanical blending and melt extrusion using a 3devo
filament extruder. Wear test specimens were fabricated using an FFF 3D printer in accordance with
ASTM G99 standards, and tribological evaluation was conducted using a DUCOM Pin-on-Disc tester
(Model Tr-20LE). The experimental design was established using a Central Composite Design (CCD)
matrix in Design-Expert software, examining the effects of Graphene concentration (1-5 wt.%), infill
density (40-100%), print speed (20-80 mm/s), and wall count (2-6) on the resulting wear rate. The
minimum experimentally recorded wear rate of 0.030 mm3/m was achieved at 5 wt.% GR concentration,
100% infill density, 30 mm/s print speed, and 6 wall count. An Artificial Neural Network (ANN) model was
subsequently trained and validated on the experimental CCD dataset to predict wear performance
accurately. A hybrid Genetic Algorithm—ANN (GA-ANN) framework was then developed to optimize the
GR concentration and FFF process parameters mathematically. The GA-ANN optimization identified the
global minimum wear configuration at 5 wt.% GR concentration, 100% infill density, 20 mm/s print speed,
and 5 wall count, yielding a predicted minimum wear rate of 0.0269 mm®3/m. Experimental validation of
these optimized parameters produced an actual wear rate of 0.028 mm®/m, confirming the model's
predictive accuracy with an error of approximately 4.09%.

1. Introduction

Additive Manufacturing (AM), particularly Fused Filament Fabrication (FFF), also known as Fused
Deposition Modeling (FDM), has rapidly evolved from a prototyping technique into a versatile method for
producing functional end-use components across various industries, including automotive, aerospace,
and biomedical engineering '~4. Acrylonitrile Butadiene Styrene (ABS) is among the most widely utilized
thermoplastics in FFF owing to its favourable mechanical strength, dimensional stability, and
processability °~7. However, growing environmental concerns and regulatory pressure have intensified
the drive toward sustainable manufacturing practices. This study employs recycled ABS (rABS) as a
matrix polymer, thereby reducing reliance on virgin plastics while maintaining acceptable mechanical
characteristics, in line with the circular economy paradigm.

A significant limitation of unreinforced polymer components, including rABS, is their inadequate
performance under tribological loading conditions. When subjected to sliding or rolling contact, polymer
surfaces undergo progressive material removal, leading to dimensional inaccuracy and eventual
component failure 8°. To extend the service life and broaden the application envelope of FFF-fabricated
parts, it is essential to enhance their surface hardness, thermal stability, and wear resistance. Polymer
nanocomposites represent a well-established approach to achieving these improvements 10712,
Graphene (GR), a two-dimensional sp2-hybridized carbon allotrope, possesses exceptional in-plane

tensile strength and superior load-bearing capability '3'4. When uniformly dispersed in a polymer matrix

Page 2/20



such as rABS, graphene nanoplatelets can significantly enhance the composite's stiffness, interfacial
15,16

bonding, and wear resistance
Despite the well-documented potential of graphene-reinforced polymer nanocomposites, the mechanical
and tribological performance of FFF-fabricated parts is critically dependent on the interplay of printing
process parameters. Variables such as infill density, print speed, and wall count govern the internal
microstructure, porosity level, and inter-layer bonding quality, all of which collectively determine the part's
resistance to tribological degradation /'8 Optimizing these interdependent variables is inherently
complex and requires a systematic, computationally intensive methodology.

Conventional statistical approaches, such as Response Surface Methodology (RSM), are effective for
modeling smooth, continuous response surfaces but may not capture the highly nonlinear interactions
inherent in composite FFF systems '°. Machine learning-based approaches, particularly Artificial Neural
Networks (ANNs), have demonstrated superior capabilities for modeling complex, multivariate
relationships 2°. Furthermore, hybrid ANN-metaheuristic frameworks, such as the Genetic Algorithm-
ANN (GA-ANN) approach, have been successfully applied to identify globally optimal process
parameters that classical gradient-based methods may fail to locate 2.

This research addresses the dual challenge of material enhancement and process optimization. A
sustainable rABS/GR nanocomposite filament was developed and characterized. The Central Composite
Design (CCD) methodology was employed to systematically study the effects of GR concentration and
key FFF parameters on wear rate. A GA-ANN predictive-optimization framework was then applied to
identify the parameter set yielding the minimum wear rate. The predicted optimum was subsequently
validated through confirmatory physical experiments.

2. Materials and Methods
2.1. Raw Materials

The matrix polymer employed in this study was recycled Acrylonitrile-Butadiene-Styrene (rABS), sourced
from pre-production and post-consumer FFF printing waste. This waste stream comprised unfinished or
defective parts, support structures, purge lines, brims, and skirts generated during production, as shown
in Fig. 1. The collected material, consisting primarily of ABS with minor PLA contamination, was
subjected to preliminary cleaning, drying, and mechanical shredding to yield granular feedstock suitable
for melt compounding and extrusion. The use of rABS as a matrix aligns with waste-reduction strategies
in polymer processing.

The reinforcing agent was high-purity graphene nanopowder (GR), procured from Vedayukt India Private
Limited (Jamshedpur, Jharkhand, India). The supplier-specified purity was =99 wt.%. The graphene was
used as-received, without additional surface treatment or chemical functionalization before blending,

following the approach adopted in analogous GR-polymer nanocomposite studies 6.
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2.2. rABS/GR Nanocomposite Filament Preparation

The rABS/GR nanocomposite was formulated by incorporating GR nanopowder at varying weight-to-
weight (w/w) concentrations (1, 3, and 5 wt.%) relative to the rABS matrix. Before blending, the rABS
granules were pre-dried at 80°C for 4 hours in a conventional laboratory oven to minimize residual
moisture and prevent hydrolytic degradation during extrusion. The dried rABS and the pre-weighed GR
nanopowder were then manually blended, as shown in Fig. 2, until visual homogeneity was achieved,
with care taken to minimize agglomerate formation.

The blended mixture was subsequently fed into a 3devo Filament Extruder, as shown in Fig. 3, wherein
the material was melted, homogenized through the screw-barrel assembly, and extruded into
nanocomposite filaments with a nominal diameter of 1.75 mm, suitable for direct use in the FFF printer.

2.3. Filament Characterization

The fabricated nanocomposite filaments were visually and dimensionally inspected to confirm diameter
consistency along the filament length. Filament diameter uniformity is critical for consistent material
feed rate and deposition quality during FFF printing. The density of each nanocomposite formulation
was measured using the Archimedes displacement method, and the resulting values were subsequently
used to convert mass loss to volumetric wear loss in the tribological evaluation.

2.4. Specimen Design and Manufacturing

The wear test specimen geometry was designed in accordance with ASTM G99 for pin-on-disc testing
using SolidWorks CAD software. The resulting solid model was exported in Standard Tessellation
Language (STL) format and imported into Ultimaker Cura slicing software for G-code generation. The
rABS/GR nanocomposite filaments were loaded into a Delta Wasp 2040 Industrial X FFF 3D printer, as
depicted in Fig. 4. Print parameters were set according to the experimental design matrix, as
documented in Table 1, with the nozzle temperature and bed temperature maintained constant at 230°C
and 80°C, respectively, for all specimens.

2.5. Tribological Evaluation (Wear Rate Testing)

The tribological behavior of the fabricated rABS/GR nanocomposite specimens was evaluated using a
DUCOM Pin-on-Disc tester (Model Tr-20LE), as represented in Fig. 5, in accordance with ASTM G99.
Cylindrical pin specimens, with a diameter of 8 mm and a length of 30 mm, were prepared and mounted
against a hardened steel disc. The following tribological test parameters were held constant across all
experiments: sliding speed of 400 rpm, wear track diameter of 75 mm, normal applied load of 40 N, and
test duration of 4 minutes, all conducted under ambient laboratory conditions.

Wear was quantified by measuring the mass of each pin specimen before and after each test using a
precision analytical balance. The volumetric wear loss (V) was calculated by dividing the mass loss (Am)
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by the measured density (p) of the respective nanocomposite. The wear rate (WR) was subsequently
determined using Eq. (1):
Wear Volume Loss

Wear Rate = Sliding Distance \raiseboxlez$mm?>$/\raisebox—lex$m$

.

The resulting wear rate values varied with combinations of GR Concentration (%), infill density (%), print
speed (mm/s), and wall count. The average wear rate, calculated from triplicate runs for each parameter
setting, is systematically reported in Table 1.

2.6. Experimental Design: Central Composite Design (CCD)

A Central Composite Design (CCD) within the Response Surface Methodology (RSM) framework was
employed to explore the experimental space systematically. The four input variables were: GR
concentration (1-5 wt.%), infill density (40—100%), print speed (20-80 mm/s), and wall count (2-6). The
CCD matrix was generated using Design-Expert® software and yielded 30 experimental runs, including
factorial points, axial (star) points, and replicated center points for error estimation '°. The resulting wear
rate data are presented in Table 1.
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Table 1

Experimental Design Matrix and Wear Rate Results (Actual vs. ANN Predicted)

O ©° N o g kw0 DN

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.

GR Concentration Infill

(%) Density (%)
1 100
3 70
3 70
3 70
1 40
5 100
5 100
1 40
3 70
1 40
3 40
1 100
3 100
5 40
1 100
5 40
3 70
5 40
5 70
3 70
1 40
1 100
1 70
3 70

Print Speed

(mm/s)

30
99
SB)
80
80
20
30
30
99
80
SB)
20
55
80
80
30
99
30
SB)
SB)
20
80
55
99
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Wall
Count
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Wear Rate
(mm3/m)

Actual Predicted by
ANN

0.048 0.039500009
0.042 0.040599991
0.042 0.040599991
0.049 0.049000021
0.081 0.076999993
0.031 0.032500009
0.030 0.031500004
0.065 0.061000017
0.042 0.040599991
0.075 0.073999986
0.058 0.057999876
0.038 0.033500004
0.032 0.039633998
0.077 0.076999993
0.045 0.040000024
0.061 0.061000017
0.042 0.040599991
0.059 0.062999994
0.035 0.040599991
0.040 0.040000057
0.063 0.062999994
0.041 0.038999972
0.047 0.044599991
0.042 0.040599991




S. GR Concentration Infill Print Speed Wall Wear Rate
No. (%) Density (%)  (mm/s) Count

(mm3/m)

Actual Predicted by

ANN
25. 5 100 80 2 0.035  0.040000024
26. 5 40 80 6 0.074  0.073999986
27. 3 70 30 4 0.035  0.033704693
28. 3 70 55 2 0.045  0.044999967
29. 3 70 55 4 0.042  0.040599991
30. 5 100 80 6 0.031 0.033999972
3. Results

3.1. Effect of Process Parameters on Wear Rate

The 30-run CCD experiment produced wear rates ranging from 0.030 to 0.081 mm?3/m across the
investigated parameter space as repoted in Table 1. The minimum experimentally recorded wear rate of
0.030 mm?3/m was observed at the configuration of 5 wt.% GR, 100% infill density, 30 mm/s print speed,
and 6 wall count (Run 7). Conversely, the maximum wear rate of 0.081 mm3/m was recorded at 1 wt.%
GR, 40% infill density, 80 mm/s print speed, and 2 wall count (Run 5), representing a 2.7-fold difference
across the experimental range.

Infill density emerged as the most dominant parameter. Specimens printed at 40% infill exhibited wear
rates of 0.058-0.081 mm3/m, substantially higher than those at 100% infill (0.030-0.048 mm?3/m). This
behavior is attributed to the lower volumetric density and reduced load-bearing cross-section of low-infill
structures, which are more susceptible to compressive crushing and subsurface delamination during
tribological contact. Print speed also exerted a notable influence: reducing the speed from 80 mm/s to
20 mm/s consistently lowered wear rates by approximately 10%, owing to improved inter-layer fusion
and reduced thermal gradient during deposition. Higher GR concentration (5 wt.%) yielded improved
wear resistance compared with lower concentrations (1 wt.%), consistent with the well-established role

of graphene as a solid lubricant and reinforcing agent in polymer matrices '°.

3.2. ANN Model Development and Training

An ANN was developed using MATLAB® Neural Network Toolbox to model the non-linear relationship
between the four FFF/GR process inputs and the wear rate output. The 30-point experimental dataset
was partitioned as follows: 70% (21 runs) for training, 15% (4-5 runs) for validation, and 15% (4-5 runs)
for independent testing. The final ANN architecture comprised one input layer (4 neurons), two hidden
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layers (10 and 6 neurons, respectively), and one output layer (1 neuron). Sigmoid transfer functions
(tansig) were employed in the hidden layers, and a linear transfer function (purelin) was used in the
output layer. Network training was performed using the Levenberg—Marquardt backpropagation
algorithm, with Mean Squared Error (MSE) as the performance criterion. Early stopping was applied
using the validation dataset to prevent overfitting.

3.3. ANN Model Validation and Performance

The training state plot, as illustrated in Fig. 6, confirmed successful network convergence, characterized
by a monotonic reduction in the MSE performance function and a stable gradient over successive
epochs. The error histogram, as represented in Fig. 7, showed that the prediction residuals for all three
data partitions were symmetrically distributed around zero, with no systematic bias, confirming the
absence of model overfitting.

The performance curves, as shown in Fig. 8, confirmed that the best validation performance was
achieved early in training, with no subsequent divergence, indicating a well-generalized model.
Regression analysis, as illustrated in Fig. 9, comparing ANN outputs against experimental targets yielded
high correlation coefficients (R > 0.97) across all three data subsets, confirming the model's superior
predictive accuracy and generalization capability for wear rate estimation of rABS/GR nanocomposites
fabricated by FFF.

4. Discussion

4.1. Tribological Behaviour and Parameter Effects

The incorporation of graphene nanopowder into the rABS matrix produced a measurable improvement in
wear resistance, consistent with reports in the literature on graphene-reinforced polymer composites.
The synergistic combination of optimal GR concentration (5 wt.%) with high infill density (100%) and low
print speed (20 mm/s) consistently yielded the lowest wear rates in the experimental matrix,
demonstrating that material composition and process parameters must be co-optimized to realize the
full tribological potential of the nanocomposite.

The dominant role of infill density is physically consistent: higher infill increases the effective load-
bearing cross-sectional area. It reduces the internal void fraction, thereby improving compressive
strength and resistance to subsurface crack propagation during sliding contact. The beneficial effect of
reduced print speed (20 mm/s vs. 80 mmy/s) is attributed to longer available time for thermal welding of
successive deposited layers, yielding stronger inter-layer adhesion and a more homogeneous
microstructure with fewer stress-concentration sites.

4.2 GA-ANN Optimization

The validated ANN model was integrated as a fitness function evaluator within a Genetic Algorithm (GA)
optimization framework to identify the globally optimal process parameter combination minimizing wear
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rate. The GA was configured with a population size of 50 individuals, a maximum of 100 generations, a
crossover probability of 0.85, and a mutation probability of 0.01, with the parameter bounds constrained
to the experimental ranges. The optimization successfully converged after 92 generations, as illustrated
by the fitness convergence plot in Fig. 10. The GA identified the optimal configuration as: 5 wt.% GR
concentration, 100% infill density, 20 mm/s print speed, and 5 wall count, with a predicted minimum wear

rate of 0.0269 mm3/m.

It is noteworthy that the GA-identified optimum wall count (5) differs slightly from the experimentally
observed minimum (wall count = 6, Run 7). This is consistent with the expected behavior of a GA
operating over a continuous parameter space: the GA explores combinations not explicitly represented in
the discrete CCD matrix, and can identify solutions in the intermediate parameter space that yield
marginally lower predicted wear rates. The convergence to wall count = 5 rather than 6 suggests a non-
monotonic local response surface in this region, where the ANN predicts a slight improvement at the
intermediate value.

4.3. Experimental Validation

Three confirmatory specimens were fabricated at the GA-ANN optimal settings (5 wt.% GR, 100% infill,
20 mm/s, wall count = 5) and subjected to Pin-on-Disc testing under identical conditions. The
experimentally measured mean wear rate was 0.028 mm3/m, compared with the GA-ANN-predicted
value of 0.0269 mm3/m as documented in Table 2. The corresponding predictive error of 4.09% confirms
the strong agreement between the model prediction and the physical experimental outcome, validating
the GA-ANN hybrid framework as an effective optimization tool for FFF process parameter selection.

Table 2
Experimental Validation of the GA-ANN Model

Mechanical Testing Model Prediction  Experimental Result  Error (%)

Wear Rate (mm3/m)  0.0269 0.028 4.09

5. Conclusion

This study successfully demonstrated the development of a sustainable rABS/GR nanocomposite
filament and the establishment of an optimized FFF process to maximize its tribological performance.
The incorporation of graphene nanopowder at 5 wt.% into the recycled ABS matrix yielded the most
significant improvement in wear resistance within the studied concentration range, confirming the
efficacy of graphene as a reinforcing and solid-lubricant filler in rABS-based FFF nanocomposites. Infill
density was identified as the most influential FFF process variable governing wear rate. Specimens
printed at 100% infill exhibited wear rates up to 2.7 times lower than those at 40% infill, attributable to the
higher load-bearing cross-section and reduced subsurface void fraction at full density. The developed
two-hidden-layer ANN model demonstrated high predictive accuracy (R > 0.97 across training, validation,
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and testing partitions), confirming its suitability for surrogate modeling of the complex, non-linear FFF
tribological response surface. The hybrid GA-ANN framework successfully identified the globally optimal
FFF configuration (5 wt.% GR, 100% infill density, 20 mm/s print speed, wall count = 5), yielding a
predicted minimum wear rate of 0.0269 mm?3/m. Experimental validation at this configuration yielded a
wear rate of 0.028 mm?3/m, corresponding to a predictive error of only 4.09%, demonstrating the practical
reliability of the optimization framework.

The successful utilization of rABS from post-consumer 3D printing waste as a viable matrix polymer
demonstrates a practical pathway toward closed-loop material reuse in polymer additive manufacturing,
contributing to circular economy objectives without significant sacrifice in mechanical performance. The
findings collectively establish that rABS/GR nanocomposites fabricated via FFF can serve as high-
performance, sustainable alternatives for components operating under moderate tribological conditions.
Future work should investigate multi-response optimization encompassing tensile and flexural
properties alongside wear rate, explore alternative eco-friendly reinforcement fillers, and assess the long-
term tribological durability of rABS/GR components under varied loading and environmental conditions.
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Figure 3

3devo Filament Extruder used for filament fabrication
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Figure 4

Delta Wasp-2040 industrial X 3D printer used for specimen fabrication
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Pin-on-Disc Wear Testing Machine
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ANN Training state plot showing convergence and gradient stability
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Error Histogram showing distribution of prediction residuals across training, validation, and testing
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Best Validation Performance is 3.382e-05 at epoch 4
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Figure 9

Regression Coefficient plots for training, validation, testing, and overall datasets
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Figure 10

GA-ANN Best Fitness Plot showing convergence of minimum predicted wear rate
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