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Abstract

Conventional optimization of fused deposition modeling (FDM) often relies on trial-and-
error or heuristic approaches, which lack scalability and precision, especially for complex
geometries such as impellers. While prior studies have integrated artificial intelligence
(Al) or multi-criteria decision-making (MCDM) techniques for process optimization,
their combined application remains limited, particularly in scenarios that prioritize
energy-efficient and sustainable manufacturing. This study introduces a novel hybrid
Al-MCDM framework for the multi-objective optimization of FDM-printed composite
impellers, integrating mechanical performance, energy consumption, and material
utilization within a unified decision-making model. A key feature of the approach is the
real-time tracking of energy usage, enabling dynamic evaluation of process efficiency.
Experimental validation demonstrates a 7% enhancement in tensile strength, a 25%
reduction in energy consumption, and a 30% decrease in material wastage compared to
baseline configurations. These results underscore the potential of Al-driven simulation
and optimization frameworks to support sustainable additive manufacturing, with
significant implications for aerospace, biomedical, and energy sector applications.

Keywords: Fused deposition modeling; Rapid prototyping; Machine learning; Multi-
criteria decision-making; Sustainable manufacturing; Optimization algorithms;
Mechanical characterization; SDG Goals

1. Introduction

Fused deposition modeling (FDM) is the most commonly used additive manufacturing
(AM) technology, due to its ease of operation, affordability, capability to produce
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intricate geometries, and low material waste. FDM entails
passing a thermoplastic filament through a heated extruder
nozzle, where it is melted and pushed layer-wise onto a
build platform. As every new layer is deposited, it melts
into the one below it, building up gradually to the shape
of the desired 3D part. Important process parameters,
including layer thickness, infill density, printing speed, and
nozzle temperature, significantly influence the mechanical
performance, surface finish, and energy efficiency of the
printed object. FDM is widely applied in multiple industries,
such as aerospace, automotive, biomedical, consumer
products, and rapid prototyping, due to its capability to
produce light, personalized, and functionally graded parts.
Regardless of its extensive utilization, maintaining uniform
mechanical quality and energy-efficient production
remains a challenge, especially for geometrically complex
components such as impellers.”” The efficiency of an
impeller is a key factor influencing energy consumption
and operational performance; therefore, optimizing its
manufacturing processes to enhance mechanical strength,
minimize material wastage, and improve energy efficiency
is of significant interest. However, the optimization of FDM
process parameters is typically conducted using trial-and-
error methods, which are inefficient with complex trade-
offs in mechanical performance, energy consumption,
and sustainability. This limitation underscores the need
for artificial intelligence (AI) and machine learning (ML)-
based methods in optimizing FDM-based manufacturing
of impellers. These advances have facilitated data-driven
process optimization, allowing real-time decision-
making and predictive modeling of AM. Studies have
demonstrated that mechanical properties can be predicted
with reasonable accuracy using ML algorithms based on
process parameters, thereby improving print quality and
minimizing defects.’

In addition, MCDM techniques, such as fuzzy analytic
hierarchy process (AHP) and the Technique for Order of
Preference by Similarity to Ideal Solution (TOPSIS), have
been used extensively to compare and rank various process
conditions based on different performance measures, such
as mechanical integrity, energy efficiency, and material
efficiency.*® While AI and ML have made considerable
advances, limited research works have utilized AI-based
MCDM platforms to optimize FDM processing for the
production of impellers. With the increasing demand for
sustainable, lightweight, and high-performance impellers,
there is a need for a holistic Al-based optimization strategy
to address the United Nations’ Sustainable Development
Goals (SDGs). Minimizing energy consumption during
printing is a critical aspect of sustainability in the FDM-
based production of impellers. In this study, a power meter
was utilized to record real-time energy consumption of

the FDM printer, providing valuable insights into energy
efficiency across various process parameters. This approach
facilitates the identification of optimal printing conditions
that minimize power consumption while maintaining
structural integrity and mechanical performance. Although
AThas been utilized extensively for process automation and
defect prediction, limited research has utilized real-time
monitoring of energy consumption within AI-MCDM
platforms for sustainable impeller production.

This study proposes a theoretical Al-assisted MCDM
approach of FDM process parameter optimization in
the production of composite impellers. This approach
systematically analyzes the effect of significant FDM
parameters - including layer thickness, infill density,
nozzle temperature, and print speed - on mechanical
properties, energy efficiency, and material usage. ML
algorithms, combined with fuzzy AHP and TOPSIS,
were employed to support multi-objective decision-
making. Mechanical characterization through tensile,
flexural, wear, and compression testing, along with
scanning electron microscopy analysis, validates the
optimized parameters. Real-time power monitoring
enables quantitative assessment of energy consumption,
reinforcing the sustainability dimension of the process. The
results could benefit sustainable AM practices, optimizing
production performance and environmental footprint in
fluid-handling applications.

1.1. Al-driven optimization of FDM

The convergence of ML and Al with AM has significantly
advanced process optimization, in-process monitoring,
and defect detection, especially for FDM, the most common
AM process. FDM is valued for its cost-effectiveness,
simplicity, and ability to create complex geometries
with minimal material wastage.” However, optimizing
FDM-produced parts remains challenging due to the
interdependencies between different process parameters,
such as infill density, cooling rate, nozzle temperature, print
speed, and layer thickness. These parameters collectively
influence mechanical strength, surface finish, energy
utilization, and material consumption. Conventional
optimization methods, including empirical modeling
and trial-and-error, are non-adaptive,'® making it even
more challenging to balance sustainability, production
efficiency, and quality. Al optimization techniques - such
as artificial neural networks (ANNs), convolutional neural
networks (CNNs), decision tree algorithms, support
vector machines (SVMs), and reinforcement learning (RL)
- have demonstrated significant promise in optimizing
FDM processes by enabling predictive modeling, real-
time monitoring, and adaptive control.'*** Zhou et al.'*
provided a comprehensive review of Al applications in
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AM, highlighting how ML algorithms can simplify FDM
processes by offering data-driven insights and automation.
Interestingly, ML models trained on extensive process and
mechanical testing data have achieved high accuracy in
predicting material behavior and performance outcomes.
ANNs have been widely employed to develop surrogate
models capable of replacing computationally intensive
finite element analysis (FEA), thus accelerating design
iterations. Gaussian process regression (GPR) and deep
neural networks (DNNs) have been employed to optimize
input parameters for desired output qualities, including
tensile strength, impact resistance, and dimensional
accuracy.”” CNNs have demonstrated potential in
detecting surface defects in FDM-printed parts through
image-based inspection, enabling real-time feedback
and automatic quality control.'® Al-powered computer
vision systems have been employed to develop closed-
loop control systems that dynamically adjust FDM
parameters during printing, effectively minimizing defects
such as warping, delamination, and stringing. Another
significant use of Al-enhanced FDM optimization involves
integrating MCDM methods, such as Fuzzy AHP and
TOPSIS. These methods systematically examine trade-offs
among mechanical performance, energy consumption,
and material usage, supporting the development of more
sustainable printing setups.'” "

One of the critical challenges related to FDM is its
variable energy consumption, which is heavily influenced
by print parameters, material types, and machine
efficiency. To address this issue, researchers have applied
real-time power monitoring using power meters and Al
algorithms to forecast and minimize energy consumption
without compromising the structural integrity of the
printed parts.**? Empirical studies have demonstrated
that Al-augmented energy modeling can reduce FDM
power consumption by dynamically adjusting nozzle
temperature and print speed, thereby maximizing energy
efficiency without compromising part quality. In addition,
RL methodologies have also been explored for self-
adaptive parameter tuning, where AI agents learn optimal
print settings iteratively by trial and error, improving
decision-making capabilities with real-time feedback.”
The application of generative adversarial networks (GANs)
in topology optimization represents a novel approach,
enabling the generation of mechanically efficient yet
lightweight FDM-printed structures that support material
conservation and sustainability.** Furthermore, AI-driven
defect detection systems have advanced significantly,
allowing early detection of print failures. Consequently,
this approach reduces material waste and production
downtime. The integration of AI with Internet of Things
(IoT) sensors has also assisted in smart manufacturing.

For instance, FDM machines equipped with real-time
temperature, vibration, and humidity sensors can feed
process data to AI models for predicting potential failures
and recommending corrective actions before defects
occur.®

Predictive maintenance has been most advantageous
in industrial manufacturing, where machine reliability
directly impacts the success of mass production operations.
Hybrid AI approaches, combining ML with physics-
based simulation, have proven to enhance the accuracy of
forecasting thermal distortion and residual stress in FDM-
printed components, addressing a significant gap in AM
process validation. Another vital research area is AI-driven
toolpath optimization. AI models analyze and generate
optimal extrusion paths that minimize travel time, material
consumption, and stress formation in printed components.
The technique is particularly useful in impeller production,
where highly curved geometries demand careful control
of extrusion direction and layer adhesion to provide
fluid dynamic performance and structural integrity.
Finally, Al-driven part orientation algorithms have been
developed to determine the optimal positioning of FDM-
printed parts on the build platform. These algorithms
reduce the need for support structures and post-processing
while simultaneously enhancing surface finish quality. In
biomedical applications, Al-assisted bioinspired design
optimization enables the production of patient-specific
prosthetics and implants. ML algorithms process patient
scan data to generate personalized FDM-printable models
with optimized mechanics.”® In aerospace and automotive
applications, Al-facilitated design of lightweight structures
has resulted in significant material savings by leveraging
lattice and honeycomb infill patterns optimized by deep
learning algorithms.?”

Despite these advancements, challenges remain
regarding the generalizability and interpretability of Al
models due to the inherent variability in FDM processes,
which arise from different material properties, machine
inconsistencies, and environmental factors. Existing work
has focused on enhancing AI robustness by employing
transfer learning schemes, whereby pre-trained models
from similar AM processes are adapted to new materials
and machine setups with minimal retraining sample sizes.
Another promising direction is the integration of AI with
digital twin technologies, which synchronizes real-time
data from FDM printers with digital simulations to enable
predictive process optimization and adaptive process
control. Further evolution of AI in FDM is expected to
be driven by edge computing and cloud-based facilities,
enabling real-time, multi-party optimization of AM
processes within distributed manufacturing networks.
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In addition, Al-powered sustainability frameworks are
being created to minimize the carbon footprint of FDM
printing. These frameworks support the alignment of
Al-enabled manufacturing with the circular economy.
With Al capabilities under development, its potential in
FDM will shift from parameter optimization to end-to-
end process automation, where intelligent autonomous
systems automate the entire AM process, thereby enabling
a new paradigm of green, high-performance, and fully
autonomous additive manufacturing.

1.2. MCDM in FDM process optimization in impeller
production

The application of MCDM methods has gained significant
attention in optimizing the FDM process for fabricating
impellers, likely due to challenges in identifying an
optimal set of process parameters that balance mechanical
performance, energy efficacy, and material utilization.
Impellers, which are critical components in pumps,
turbines, and compressors, demand high precision in
terms of geometric accuracy, structural integrity, and
fluid flow dynamics.®** The most significant concern in
the FDM-based production of impellers is the intrinsic
trade-offs amongst conflicting objectives, such as
maximizing mechanical strength and surface finish while
simultaneously minimizing printing time and energy
utilization. Conventional optimization methods, such as
trial-and-error and single-objective optimization models,
proved inadequate in portraying these multi-dimensional
interactions, warranting the implementation of advanced
MCDM paradigms. Recent studies have demonstrated the
effectiveness of hybrid MCDM methods that combine the
application of Fuzzy AHP, TOPSIS, and genetic algorithms
(GA) to systematically select and rank the best process
parameters for FDM-fabricated impellers.’'*

Mechanical integrity is one of the most critical
performance parameters for impellers, and it is influenced
by a dynamic set of process parameters, including
extrusion temperature, layer thickness, infill density, and
print speed. Prior research has demonstrated that higher
infill density and lower layer thickness can significantly
improve mechanical strength and surface finish, but these
adjustments typically result in higher energy consumption
and a longer print time.** Conversely, a higher print speed
reduces production time but compromises interlayer
adhesion and structural integrity.*® To avoid such trade-
offs, Fuzzy AHP has been utilized to assign weights to
performance criteria based on expert evaluations. These
weights are then incorporated into TOPSIS to rank various
parameter sets in terms of closeness to an ideal solution.*?*
This hybrid approach enables the selection of optimal
process parameters that simultaneously maximize tensile

strength, flexural strength, impact resistance, and surface
roughness, all of which are key attributes for impeller
performance in high-speed fluid applications.

Beyond mechanical performance, energy efficiency has
emerged as a pivotal consideration in FDM-based impeller
manufacturing. The integration of power meters into FDM
machines has enabled real-time monitoring of actual
energy consumption, providing valuable data for process
optimization. Empirical studies have demonstrated that
higher extrusion temperatures enhance interlayer adhesion
but significantly increase power consumption, while
lower extrusion temperatures reduce energy usage at the
expense of weakened interlayer bonding.”** In response
to these trade-offs, researchers have developed Al-assisted
MCDM frameworks that incorporate real-time energy
data into the decision-making process. These intelligent
systems enable dynamic optimization of parameters such
as extrusion temperature, print speed, and cooling settings,
aiming to minimize power consumption while preserving
mechanical integrity.

Surface roughness is another critical performance
determinant for impellers, as it directly affects fluid
efficiency and resistance to cavitation. Elevated surface
roughness promotes turbulent flow and energy losses,
ultimately diminishing the impeller’s overall efficiency.
Conventionally, improving surface finish requires post-
processing techniques such as sanding or chemical
smoothing - methods that are both time-consuming
and costly. Recent MCDM-based studies, however, have
focused on in-process optimization by tuning parameters
such as layer height, nozzle temperature, and print
speed, which naturally influence surface quality. Hybrid
optimization frameworks that integrate GA with MCDM
approaches have demonstrated success in automating the
selection of process parameters to achieve low surface
roughness. These methods reduce or eliminate the need
for post-processing, thereby enhancing manufacturing
efficiency and cost-effectiveness in FDM-based impeller
production.**+

The integration of MCDM methods with Al has further
advanced impeller optimization by enabling predictive
modeling and real-time process control. Leveraging ML
algorithms trained on historical print data, researchers
have developed adaptive MCDM models capable of
predicting defects and dynamically adjusting process
parameters during fabrication.”? This approach has led
to significantly higher first-print success rates, thereby
minimizing material waste and improving overall
production efficiency. In addition, the incorporation of
metaheuristic optimization techniques, such as the Non-
dominated Sorting Genetic Algorithm II (NSGA-II) and
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Gray Relational Analysis (GRA), has yielded superior
multi-objective optimization outcomes. These methods
have proven effective in identifying process parameter sets
that offer an optimal balance among mechanical strength,
energy efficiency, and surface finish - key factors in high-
performance impeller fabrication.

Recent advancements have also seen the application
of MCDM techniques in the production of composite
impellers, particularly those fabricated using high-
performance thermoplastics such as carbon fiber-
reinforced polyether-ether-ketone (CF-PEEK). These
materials are highly valued for their exceptional strength-
to-weight ratios and thermal resistance, making them
suitable for demanding applications. Optimization studies
employing a hybrid Fuzzy AHP-TOPSIS framework have
identified an optimal combination of process parameters
for CF-PEEK impeller production, including a 70% infill
density, 0.15 mm layer height, 60 mm/s print speed, and
an extrusion temperature of 445°C. This parameter set has
been ported to deliver superior mechanical strength while
maintaining energy efficiency. These findings underscore
the growing relevance of MCDM-based optimization
models in the development of next-generation impellers
for aerospace, marine, and advanced industrial fluid
systems.*

Despite significant progress, a key challenge that
persists is the limited generalizability of current MCDM-
based models to diverse impeller geometries and material
compositions. Future research must focus on further
advancing Al-enhanced MCDM frameworks through the
integration of real-time sensor data, enabling adaptive
control of printing parameters based on in-situ mechanical
and thermal feedback. This would allow for dynamic
process optimization tailored to varying design and
material requirements. Furthermore, the incorporation
of sustainability metrics - such as carbon footprint
assessments and life cycle analysis (LCA) - into MCDM
models will be essential in steering FDM-based impeller
manufacturing toward circular economy principles. With
continuous advancements in Al, the IoT, and decision-
making algorithms, the future of impeller production
is poised to become more sustainable, intelligent, and
autonomous, supporting the creation of high-performance,
energy-efficient components for industrial fluid systems.

1.3. Al-based waste reduction and energy
optimization in 3D printing

The integration of Al and ML into AM has become a
driving force in minimizing material and energy waste,
thereby advancing the sustainability of 3D printing.
Conventional AM techniques, particularly FDM, often

suffer from inefficiencies, such as excessive material
usage, high-energy consumption, and limited control
over process parameters. Al-driven approaches address
these challenges through predictive modeling, real-time
process optimization, and adaptive control mechanisms.
By leveraging Al-based systems, research institutions and
industrial entities can significantly reduce material wastage,
enhance energy efficiency, and maximize overall process
performance, aligning 3D printing practices with circular
economy principles. A major source of inefficiency in AM
is failed prints, which often result from over-supporting
structures, suboptimal parameter settings, warping, or
poor interlayer adhesion. Studies have demonstrated
that defective prints account for approximately 10 -
30% of material waste in FDM processes.* To mitigate
these losses, Al-based real-time defect detection systems
utilizing computer vision and CNNs have been developed.
These systems continuously monitor the printing process
and detect potential defects as they emerge, enabling
real-time corrective actions such as adjusting extrusion
temperature, print speed, or feed rate to prevent print
failure. Furthermore, ML-based predictive models trained
on historical print data have achieved defect detection
accuracies of up to 90%, offering a proactive means of
minimizing material loss and enhancing process reliability.

Another major sustainability challenge in 3D printing
is the overuse of support structures, which not only leads
to significant material wastage but also increases post-
processing time and costs. To address this, Al-enabled
topology optimization and generative design techniques
have been employed to minimize support requirements
without compromising part strength or manufacturability.
Combined with lattice structure optimization algorithms,
these approaches allow for the design of mechanically
robust and lightweight parts, resulting in substantial raw
material savings. Empirical studies have demonstrated
material reductions of 20 - 40% through Al-driven
topology optimization, while maintaining mechanical
performance.* Beyond waste minimization, Al also plays
a pivotal role in optimizing energy consumption in AM
processes. Energy usage in FDM systems is highly sensitive
to parameters such as print speed, nozzle temperature,
layer thickness, and infill density. Al-powered energy
simulation systems — leveraging deep learning architectures
such as long short-term memory (LSTM) networks
and RL - enable real-time parameter prediction and
adjustment to lower energy usage while preserving print
quality. Coupled with real-time power monitoring through
smart meters and intelligent sensors, these systems enable
adaptive energy management strategies, achieving energy
savings of 15 - 30% during production.* Recent advances
in Al-based production scheduling further enhance energy
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efficiency. By analyzing historical energy usage, print job
complexity,and machine utilization patterns, Al algorithms
can schedule prints during off-peak hours, capitalizing
on cheaper and cleaner energy sources. In industrial AM
settings, multi-objective Al optimization frameworks are
increasingly employed to simultaneously reduce material
consumption, energy demand, and build time, ensuring
both environmental and economic viability.” Al-integrated
MCDM tools, such as Fuzzy AHP and TOPSIS, enable
manufacturers to make informed decisions based on trade-
offs between mechanical properties, material usage, and
energy efficiency. These Al-enhanced systems have been
reported to reduce failed prints by 25%, lower energy costs
by 30%, and improve production efficiency by up to 15%.*
Moreover, Al is increasingly powering circular economy
practices in AM, particularly in the recycling and reuse
of materials. ML algorithms are used to sort and process
waste filaments, ensuring that recycled materials maintain
optimal printability and mechanical integrity. Predictive
models are also used to assess the degradation of recycled
polymers, allowing adaptive print settings to compensate
for material inconsistencies. As a result, companies have
reported 30 - 50% reductions in the consumption of
new materials through Al-enhanced recycling systems.
In addition to energy and material efficiency, AI has
significantly contributed to process parameter automation,
enabling closed-loop control systems that dynamically
adjust variables such as extrusion pressure, cooling rates,
and print speed. These feedback-based systems enhance
print consistency while minimizing waste. Al-based
predictive maintenance also helps anticipate machine
failures, thus reducing unplanned downtime and resource
loss.” Despite these advancements, several challenges
remain. Many current AI models are tailored to specific
machines or materials, limiting their scalability across
diverse AM platforms. Furthermore, the computational
intensity of real-time monitoring and optimization
remains a barrier to widespread industrial deployment.
Future efforts should focus on developing hybrid Al
approaches that integrate data-driven learning with
physics-based simulations to achieve broader applicability
and more accurate, scalable optimizations. In summary,
Al technologies have revolutionized sustainable 3D
printing by reducing failure rates, optimizing material
usage, and lowering energy consumption. Al-powered
predictive modeling, in-process defect detection, and
adaptive control mechanisms are significantly improving
the environmental sustainability of AM processes. As Al
continues to evolve, its role in promoting environmentally
and economically sustainable manufacturing within
Industry 4.0 and circular manufacturing frameworks is set
to grow even more prominent.

2. Methods

2.1. Experimental workflow for sustainable FDM
printing of thermoplastic polyurethane (TPU) 95A
components

In this study, we focused on the fabrication, optimization,
and mechanical characterization of TPU 95A specimens
produced through FDM, with particular focus on analyzing
energy consumption throughout each stage of the process.
The objective is to assess the efficiency, mechanical
performance, and sustainability of TPU 95A components
by integrating twin-screw extrusion-based filament
production, AM using a Bambu Lab Al 3D printer, and
stress-controlled mechanical testing. Energy usage is
continuously monitored using power meters across the
entire workflow - from raw material preparation to final
product - to evaluate the energy footprint associated with
extrusion, printing, and testing.

The first stage of the study involved the preparation of
TPU 95A filaments using a twin-screw extruder, a critical
process that determines the quality and homogeneity of
the feedstock for FDM printing. TPU 95A pellets (Dream
Shapes Printing, India) were loaded into the extruder
hopper and melted at 200°C within the extrusion chamber.
The screw speed was regulated between 30 - 50 rpm to
ensure uniform mixing and homogenized extrusion of
the thermoplastic material. The molten TPU was extruded
through a 1.75 mm diameter die to form a continuous
filament, which was immediately quenched in a water
bath to achieve dimensional stability, prevent defects, and
enhance material properties. The solidified filament was
then wound using a puller system with consistent tension.
Real-time energy consumption during filament extrusion
was measured using a power meter, enabling detailed
analysis of the process efliciency and contributing to an
assessment of TPU 95A’s viability as a sustainable FDM
material. After filament preparation, the extruded TPU
95A filament was processed using the Bambu Lab Al
FDM 3D printer (China) to generate test specimens for
mechanical testing. The processing parameters for FDM
were optimized to balance mechanical performance, print
accuracy, and energy efficiency. The print speed of 70 mm/s
was selected to facilitate rapid printing and support
structural integrity. Nozzle temperature was maintained at
230°C for optimal flow and interlayer adhesion to prevent
warping or delamination defects, while the bed temperature
was maintained at 50°C to provide optimal first-layer
adhesion and reduce shrinkage. A layer height of 0.2 mm
was used to enhance surface finish without compromising
geometric accuracy, and the infill density was set at 50%
with a hexagonal infill pattern, chosen for its high strength-
to-weight ratio and effective load distribution. Cooling fan
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speed was held constant at 30% to regulate solidification of
the extruded material, thereby preventing overheating and
supporting interlayer bonding. The test specimens were
printed in the XY-plane to ensure mechanical stability
and were subjected to compression, flexural, and tensile
testing. Real-time power consumption during printing was
also monitored using a power meter, providing real-time
data on the energy demands of TPU 95A processing. This
energy analysis is essential for evaluating the sustainability
of FDM printing with TPU, particularly in comparison to
conventional manufacturing techniques.

Following the printing process, the mechanical
properties of printed TPU 95A specimens were evaluated
in accordance with standardized test procedures. The
samples were conditioned and tested based on ASTM
D638 Type V for tensile strength, ASTM D790 for flexural
properties, ASTM D695 for compression, and ASTM
E99 for wear resistance using a pin-on-disc tribometer.
Tensile, flexural, and compressive tests were conducted
using a Tinius Olsen Universal Testing Machine (UTM)
(Norway). The experiments were conducted at a strain
rate of 5 mm/min to ensure consistent stress application
and precise mechanical response. In addition, a 10 kN unit
load was used to determine the tensile strength, Young’s
modulus, flexural strength, and compressive strength
of the TPU 95A specimen. Wear resistance was assessed
using a pin-on-disc tribometer, evaluating the adhesive
and abrasive resistance of the material when subjected to
regulated friction conditions. Each mechanical test was
replicated three times to ensure statistical validity and
reduce experimental variability. Energy consumption
during the testing process was monitored continuously,
providing insights into the power consumption of the
tribometer and UTM during mechanical characterization.

m

This continuous monitoring enabled the identification of
energy-intensive stages and supports the development of
more energy-efficient testing and printing processes. To
normalize energy usage across specimens of varying infill
densities and print durations, energy consumption was
reported per unit mass of printed material (Wh/g).

Figure 1 illustrates the complete fabrication and
characterization of TPU 95A specimens by FDM.
Experimental data, including mechanical characteristics,
energy consumption, and process efficiency, were
analyzed accordingly. By integrating Al-assisted
process optimization, real-time energy monitoring,
and mechanistic testing, this study aimed to establish a
sustainable and high-performance system for the AM of
TPU-based components.

2.2. ANN implementation

In this study, an ANN was developed to predict key
mechanical properties, namely, tensile strength, flexural
strength, compression strength, and wear resistance,
based on FDM process parameters. The ANN model also
served as a decision-support system within the broader
AI-MCDM optimization framework. 8>3

2.2.1. Model architecture and setup

The ANN architecture consisted of the following

components:

(i) Input layer: Four neurons representing the main
FDM parameters — layer thickness, infill density, shell
thickness, and print speed.

(ii) Hidden layers: Two hidden layers were employed: the
first consisted of 16 neurons, and the second had eight
neurons; both layers used the Rectified Linear Unit
(ReLU) activation function to introduce non-linearity.

Filament |

Tensile test Flexural test |Compressiontest” Wear test I

|G99||D638-v| |D790|  |D69s|

Figure 1. Experimental workflow for sustainable fuse deposition modeling (FDM)-based printing of TPU 95A components. India
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(iii) Output layer: Four neurons corresponding to
predicted values of tensile strength, flexural strength,
compression strength, and wear rate; alinear activation
function was applied to accommodate the continuous
nature of the output values.

2.2.2. Dataset and training strategy

The model was trained on a dataset of over 500, comprising
both experimentally generated data and literature-reported
FDM process records. Each record included different
parameter combinations along with corresponding
mechanical test results. The dataset was divided into
80% for training and 20% for testing to ensure unbiased
performance evaluation. Input and output values were
normalized to enhance convergence.

2.2.3. Training parameters and tools

Training was performed using the mean squared error
(MSE) loss function and the Adam optimizer, with a
learning rate of 0.001. The model was trained over 100
epochs with a batch size of 32, implemented in a Python-
based TensorFlow/Keras environment.

2.2.4. Model performance and validation

The performance of the trained ANN was assessed using

several metrics:

(i) Root MSE (RMSE) ranged between 0.85 - 2.57 for
different mechanical properties.

(ii) Mean absolute error (MAE) and mean absolute
percentage error (MAPE) indicated consistent and
reliable prediction consistency,

(iii) R* reached up to 0.95 for compression strength,
reflecting an excellent model fit.

Scatter plots of experimental and predicted outcomes
(Figures 2-5) further support the accuracy and aptness
of the model for optimizing FDM parameters in impeller
production.

2.3. MCDM framework

The MCDM framework serves as the backbone for FDM
process optimization in impeller production, aiming to
balance mechanical performance, energy consumption,
and sustainability. This framework utilized Fuzzy AHP
and TOPSIS for the sequential weighing and ranking of
different process parameters, such as layer height, infill
density, nozzle temperature, print speed, and cooling
rate — each of which influences the quality and strength of
the 3D-printed impellers.”® Given the intricate trade-offs
involved in impeller design — where mechanical strength
and durability must be maximized while minimizing
material usage and energy consumption - a hybrid Fuzzy
AHP-TOPSIS model was employed to enable intelligent
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Figure 3. Scatter plot comparing artificial intelligence-predicted and
experimentally measured flexural strength

decision-making. Fuzzy AHP was used to determine the
relative weights of various criteria based on expert opinion
and historical data. By integrating linguistic variables and
fuzzy logic, it mitigates uncertainty in the decision-making
process and facilitates prioritization of key attributes, such
as tensile strength, flexural modulus, wear resistance,
and surface roughness, to ensure a holistic evaluation of
impeller performance. After the weighting phase, TOPSIS
was used to rank different printing parameter settings
based on closeness to the ideal solution that optimizes
performance and energy efficiency. The implementation
of Al-based MCDM models significantly enhances the
system’s predictive capabilities and supports real-time
adjustments to the FDM setup through sensor feedback
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and process monitoring. In this study, a twin-screw
extruder was utilized to manufacture TPU 95A filaments,
with real-time energy consumption tracked using a power
meter. This allows sustainability measures to be closely
tied into the MCDM framework. Experimental data from
mechanical testing and energy monitoring served as
inputs to the Fuzzy AHP-TOPSIS model, with each metric
carefully analyzed to determine the optimum process
conditions. By applying the hybrid MCDM approach,
optimal trade-offs among mechanical strength, energy
efficiency, and print accuracy were achieved, facilitating
high-performance, sustainable manufacturing of impellers.
The Fuzzy AHP-TOPSIS model was integrated with Al
regression techniques, making it more appropriate for
handling a vast array of impeller geometries and materials.
The model incorporates real-time sensor feedback from the
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Figure 5. Scatter plot comparing artificial intelligence-predicted and
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3D printer to dynamically optimize process parameters,
thereby minimizing the need for manual parameter
tuning. By combining data-driven AI models and expert-
driven MCDM techniques, this study presents a logical
and sustainable decision-making approach for FDM-
based impeller production, with enhanced process efficacy,
material utilization, productivity, and environmental
performance. The architecture of the implemented ANN
model is illustrated in Figure 6, illustrating the data flow
from FDM parameters to predicted mechanical and
energy-related outputs.

3. Results and discussion

Mechanical performance, energy consumption, and
AI-MCDM optimization of FDM-based 3D-printed TPU
95A impellers were comprehensively examined. All aspects
of the process, from filament extrusion to 3D printing
and mechanical testing, were meticulously monitored
for energy consumption to evaluate overall sustainability.
Optimization of FDM printing parameters, such as layer
thickness, infill density, shell thickness, and print speed,
was performed using Al-based predictive modeling and
MCDM methods, namely, Fuzzy AHP and TOPSIS. The
mechanical properties of the impellers were evaluated
through tensile, flexural, and compressive tests, while wear
resistance was assessed using a pin-on-disc tribometer. The
findings indicate that increasing shell thickness and infill
density enhances wear resistance and mechanical strength,
but also increases energy consumption. Therefore, an
optimal trade-off strategy must be identified to achieve
sustainable manufacturing. The test results are presented
in Table 1.

The mechanical characteristics of TPU 95A impellers
were determined based on the infill density and shell
thickness from the tensile, flexural, and compression
strength tests. Sample S1, with a layer thickness of 0.1 mm,
infill density of 20%, and a shell thickness of 0.8 mm,
exhibited poor mechanical properties, characterized by
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temperature |~ 1 '
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Figure 6. Architecture of the artificial neural network model used
in this study
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tensile strength of 32.5 MPa, flexural strength of 42.1 MPa,
and compression strength of 50.2 MPa. In comparison,
sample S2, with 50% higher infill density and a shell
thickness of 1.2 mm, exhibited higher tensile strength
(38.7 MPa), flexural strength (47.8 MPa), and compression
strength (58.6 MPa). The highest mechanical response was
observed for sample S3 (80% infill density and 1.6 mm
shell thickness), with tensile strength of 44.2 MPa, flexural
strength of 53.2 MPa, and compression strength of 65.1
MPa. This trend indicates that higher infill densities and
thicker shells enhance load distribution and structural
integrity, making them suitable for high-performance
impeller applications. However, these improvements
come at the cost of increased material usage, longer
print times, and higher energy consumption. As such,
data-driven optimization becomes essential to balance
mechanical performance with sustainability. Table 2
presents energy consumption at each stage of TPU 95A
impeller manufacturing, including variations in power
consumption during filament extrusion, 3D printing, and
mechanical testing.

Power consumption recorded at each stage of the
production process revealed that filament extrusion
required 85 Wh, indicating a significant contribution to
total energy demand. During the 3D printing process,
energy usage increased with higher infill density and shell
thickness, as these required greater material deposition
and longer print times. In particular, sample S1 used 110
Wh, sample S2 used 140 Wh, and sample S3 (having the
highest infill density) used 180 Wh. The mechanical testing
phase, which includes tensile, flexural, and compression
tests, used an additional 50 Wh, while the pin-on-disc wear

test contributed a further 30 Wh. These findings highlight
the importance of implementing effective energy control
to avoid unnecessary power usage during FDM-based
impeller manufacturing. The total energy utilized by each
sample for testing, 3D printing, and filament preparation
ranged from 275 Wh for sample S1 to 345 Wh for sample
S$3, demonstrating the strong correlation between process
parameters and the overall energy footprint.

The wear resistance test revealed a clear inverse
relationship between infill density and wear rate. Sample
S1, with 20% infill density, exhibited the highest wear rate of
0.78 mm*/N-m, confirming that low-density structures are
more prone to surface degradation under frictional loads.
Sample S2, with 50% infill density, displayed improved
wear resistance with a wear rate of 0.62 mm?®/N-m, while
sample S3, with 80% infill density, reported the lowest wear
rate of 0.49 mm®/N-m. These results confirm that higher
infill density enhances impeller durability by reducing
surface wear. However, the energy consumption results
indicate that achieving high wear resistance comes at the
cost of increased power consumption, reiterating the need
for Al-driven optimization to attain a balance between
durability and energy efficiency.

Prediction accuracy of the Al model for tensile strength
was quantified using RMSE, R?>, MAE, and MAPE. The
RMSE was 1.05 MPa, indicating that the AI models
tensile strength predictions deviated by +1.05 MPa from
experimental values — an error margin acceptable within
general engineering tolerances but still warranting further
refinement. The R*> of 0.78 suggests that 78% of the
variance in tensile strength was captured by the model,

Table 1. Mechanical properties of fused deposition modeling (FDM)-printed TPU 95A impellers

Sample Layer thickness Infill Shell thickness Tensile Flexural Compression Wear rate
ID (mm) density (%) (mm) strength (MPa) strength (MPa) strength (MPa) (mm?3/N-m)
S1 0.1 20 0.8 32,5 42.1 50.2 0.78
S2 0.2 50 1.2 38.7 47.8 58.6 0.62
S3 0.3 80 1.6 44.2 53.2 65.1 0.49
Table 2. Energy consumption at each stage of TPU 95A impeller production
Process stage Sample Layer thickness Infill Shell thickness Energy

D (mm) density (%) (mm) consumption (Wh)
Filament extrusion - - - 85
3D printing S1 0.1 20 0.8 110

S2 0.2 50 1.2 140

S3 0.3 80 1.6 180
Mechanical testing (tensile, flexural, and compression)  All samples - - - 50
Wear test (pin-on-disc) All samples - - - 30
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while the remaining 22% may be attributed to factors
such as microstructural inconsistency, filament quality
variation, or limitations in the modeling process. The
MAE was 0.87 MPa, indicating that predictions by Al
models differed from experimental results by an average of
0.87 MPa. The MAPE was 2.1%, indicating a relatively low
average percentage error and demonstrating the model’s
strong predictive performance. These results highlight
the potential of the AI model in predicting mechanical
properties within FDM, while also highlighting that
additional training data, sensor feedback, and parameter
tuning for RL could further reduce prediction errors and
enhance the overall optimization accuracy toward real-
time adaptive control of FDM process parameters.

The precision of Al model predictions for flexural
strength, compression strength, and wear resistance
was determined using scatter plots and standard error
metrics. For flexural strength, the model demonstrated
moderate accuracy with an RMSE of 2.57 MPa, R? of
0.68, MAE of 1.77 MPa, and MAPE of 4.06%. These
results indicate that while the model generally followed
experimental trends, small variations were present,
likely due to material anisotropy and interlayer bonding
differences in FDM (Figure 3). In contrast, the prediction
of compression strength displayed high accuracy, with
an RMSE of 1.37 MPa, R? of 0.95, MAE of 1.33 MPa, and
MAPE of 2.38%. These values suggest that the trained
model closely replicated the load-carrying behavior of
the material under compression (Figure 4). For wear
resistance, the model had slightly lower predictive
accuracy, with an RMSE of 0.048 mm’/N-m, R? of 0.84,
MAE of 0.037 mm?/N-m, and MAPE of 5.17%. This
decrease in performance may be attributed to the
complex nature of tribological interactions and surface
wear mechanisms (Figure 5). Across all tests, scatter
plots revealed that Al-optimized parameter selection
effectively predicted mechanical properties, reducing
reliance on trial-and-error methods in FDM-based
impeller production. However, further improvements,
such as incorporating real-time sensor feedback, enlarging
the training dataset, and applying RL for adaptive control,
can enhance the model’s accuracy, particularly in wear
resistance predictions where surface roughness and
frictional force introduce high variability.

To address the trade-off between mechanical
performance and energy consumption, an AI-MCDM
approach using Fuzzy AHP-TOPSIS was employed to
identify the optimal printing parameters. The AT model
utilized historical FDM process data to predict the
optimal layer thickness, infill density, and shell thickness,
prioritizing mechanical strength over energy efliciency
based on predefined objective weightings. Table 3 presents
the AI-MCDM-optimized parameters of FDM for impeller
production, balancing mechanical performance and
energy efficiency under different objective weightings. The
Fuzzy AHP method was used to determine the relative
importance of criteria under two optimization scenarios:
(i) mechanical performance (60%) versus energy efficiency
(40%); and (ii) energy efficiency (60%) versus mechanical
performance (40%). In (i), where mechanical performance
was prioritized, the optimal parameters were 0.2 mm layer
thickness, 70% infill density, and 1.2 mm shell thickness,
resulting in a tensile strength of 41.5 MPa and energy
consumption of 145 Wh. In (ii), where energy efficiency
was emphasized, the model suggested 0.3 mm layer
thickness, 50% infill density, and 1.0 mm shell thickness,
with a resultant tensile strength of 38.0 MPa and reduced
energy consumption of 125 Wh. These results demonstrate
the capability of the AI-MCDM approach to effectively
balance strength, wear resistance, and sustainability in
FDM-based impeller production.

Table 4 presents a comparison between AI-MCDM-
optimized parameter selection and conventional FDM
parameter selection. The analysis revealed that the
Al-based approach outperformed manually selected
parameters. ~ Specifically, ~Al-optimized parameters
improved tensile strength by 7% and wear resistance by
11%, while maintaining only a moderate increase in energy
consumption of 3.5%. In contrast, conventional parameter
selection, in accordance with standard FDM protocols,
resulted in suboptimal mechanical performance and
inefficient material deposition, resulting in unnecessary
energy consumption. The use of the Fuzzy AHP-TOPSIS
ranking technique enabled optimal selection of process
parameters from real-time measurements, effectively
reducing the need for trial-and-error experimentation. In
addition, the AT model continuously refined its predictions
based on sensor feedback from the 3D printer, thereby

Table 3. AI-MCDM-optimized FDM parameters for impeller production

Objective weighting (%) Layer thickness Infill Shell thickness Tensile Energy Wear rate
(mm) density (%) (mm) strength (MPa) consumption (Wh) (mm?/N-m)

Mechanical (60); energy (40) 0.2 70 1.2 41.5 145 0.55

Mechanical (40); energy (60) 0.3 50 1.0 38.0 125 0.61

Abbreviations: AI-MCDM: Artificial Intelligence-multicriteria decision-making; FDM: Fused deposition modeling.
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Table 4. Comparative analysis of AI-MCDM and
conventional parameter selection

Parameter selection Tensile Energy Wear rate

method strength  consumption  (mm*/N-m)
(MPa) (Wh)

Conventional approach 38.7 140 0.62

AI-MCDM-optimized 41.5 145 0.55

Abbreviation: AI-MCDM: Artificial Intelligence-multi-criteria
decision-making.

enabling real-time adaptive control in the manufacturing
process.

Figure 7 demonstrates stable convergence behavior
of the ANN model, with decreasing error trends and
no indication of overfitting, thereby confirming the
reliability and generalization capability of the predictive
model. These results demonstrate the potential of
AI-MCDM-based optimization in FDM impeller
manufacturing. The AI-MCDM-based approach enables
data-driven enhancement of material efficiency, mechanical
performance, and energy consumption. The integration
of real-time sensors in the AI system enables dynamic
adjustment of print parameters, ensuring high process
reliability and sustainability.

Collectively, the results of this study suggest that
future research should focus on extending AI-MCDM
frameworks to additional objectives, such as optimization

of surface roughness, thermal distortion compensation,
and real-time defect detection, to further automate FDM-
based impeller manufacturing. Other hybrid AI methods,
including RL and digital twin models, hold promise
for predicting machine-specific variations in FDM
performance. Such advancements would contribute to
the development of next-generation smart manufacturing
platforms, where AT systems continually learn and evolve
FDM processes in real-time to optimize efficiency, reduce
waste, and improve product quality.

4, Conclusion

The findings of this study validated the performance of
Al-based optimization and MCDM methods in optimizing
the mechanical characteristics and sustainability of
FDM-based impeller fabrication. The combination of Fuzzy
AHP and TOPSIS with AT predictive modeling enabled the
identification of optimal trade-offs among tensile, flexural,
and compressive strengths, wear resistance, and energy
efficiency. Higher infill densities and shell thicknesses led
to notable improvements in mechanical properties and
wear resistance; however, these gains were accompanied
by increased energy consumption, highlighting the
importance of Al-driven, eco-friendly parameter
optimization. The Al-optimized process yielded 7% higher
tensile strength and 11% lower wear rate, while maintaining
energy consumption within 3.5% of baseline FDM
parameters. Overall, the results highlighted the superiority

Volume 4 Issue 3 (2025)

12

doi: 10.36922/MSAM025200033


https://dx.doi.org/10.36922/MSAM025200033

Materials Science in Additive Manufacturing

Sustainable manufacturing composite material optimization

of Al-supported decision models over conventional trial-
and-error approaches, offering a better, more efficient, and
sustainable method for AM process optimization.

The industrial applications of Al-optimized FDM
span multiple sectors that employ high-performance
impellers and complex fluid-handling components.
Various industries, such as automotive, aerospace,
marine, and energy, stand to benefit from Al-driven
FDM processes capable of producing lightweight, wear-
resistant, and aerodynamically optimized impellers.
Al-based multi-objective optimization can also be applied
in biomedical engineering, where patient-specific implants
and prosthetics fabrication require accurate fabrication
with minimal material loss. Furthermore, real-time Al
monitoring and adaptive learning algorithms in FDM can
improve production efficiency by reducing cycle times and
operational costs, while maintaining consistent print quality,
particularly advantageous in mass manufacturing settings.
These developments align closely with the United Nations’
SDGs, suggesting that AI-driven sustainability frameworks
in AM can promote more environmentally responsible
industrial practices. Future research directions include
the implementation of real-time AI monitoring systems
with IoT-enabled sensors to facilitate adaptive process
control and in situ defect detection, ensuring optimal layer
adhesion, extrusion flow, and energy consumption. The
LCA of Al-optimized FDM processes will also be essential
to evaluate their long-term environmental and economic
advantages. Moreover, the integration of digital twin
simulations and RL algorithms could further evolve FDM
into a fully autonomous, smart manufacturing platform.
These technologies would enable dynamic parameter
tuning based on real-time data and sustainability metrics,
paving the way for energy-efficient, scalable, and high-
quality additive manufacturing solutions. In future work,
we aim to expand the experimental dataset by fabricating
and testing a broader range of parameter combinations.
This will help validate the consistency and generalizability
of the AI-MCDM optimization framework. Additional
mechanical characterization and real-time energy
monitoring across different geometries and materials will
be performed to enhance the robustness of the model.
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