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A B S T R A C T

In recent years, 3D printing has experienced significant growth in the manufacturing sector due to its ability to 
produce intricate and customized components. The advent of Industry 4.0 further boosted this progress by 
seamlessly incorporating artificial intelligence (AI) in 3D printing processes. As a result, design precision and 
production efficiency have significantly improved. Although numerous studies have explored the integration of 
AI and 3D printing, the literature still lacks a comprehensive overview that emphasizes material selection and 
formulation, predictive modeling, design optimization, and quality control. To fully understand the impacts of 
these emerging technologies on advanced manufacturing, a thorough assessment is required. This review aims to 
examine the intersection of AI and 3D printing to create a technologically advanced and environment-friendly 
manufacturing environment. It examines factors such as material, process efficiency, and design enhance
ments to highlight the benefits of combining these technologies. By focusing on predictive modeling, material 
selection and quality control, this analysis aims to unlock the potential for a sustainable and efficient 3D printing 
process. This review provided a thorough analysis of the challenges and potential benefits, proving valuable for 
academics and practitioners alike. It presents solutions that may establish a foundation for sustained growth and 
outlines a strategy for leveraging 3D printing and AI capabilities in the manufacturing sector.

1. Introduction

The worldwide production of plastic exceeded 390 million tonnes in 
2021, with the Asia-Pacific region contributing over 190 million metric 
tonnes and the packaging sector accounting for over 40 % of the total 
plastic utilization [1]. However, recycling remains challenging, with 
only about 9 % of all plastic waste ever produced being recycled globally 
[2]. In 2020, European Union plastic package recycling rates reached 46 
%, with some variance at the regional level [3]. The widespread issue of 
plastic pollutants is evidenced by the annual inflow of about 14 million 
tonnes of plastic into the oceans, with an estimated 171 trillion pieces of 
plastic, weighing around 2.3 million tonnes, currently floating in the 
oceans [4,5]. To handle these environmental challenges, the adoption of 
sustainable polymers and composites is vital. The global marketplace for 
biodegradable plastics is projected to exceed USD 20.9 billion by 2028, 
at a compound annual growth rate of 21.3 % from USD 7.9 billion in 
2023, reflecting an evolving emphasis on environmentally friendly al
ternatives [6]. Sustainable polymers and composites play a pivotal role 
in addressing environmental issues [7]. These materials are derived 

from renewable sources, recycled materials, and waste carbon assets, 
supplying an eco-friendlier alternative [8,9]. Importantly, on comple
tion of their lifecycle, these materials can be recycled, biodegraded, or 
composted, offering a sustainable and circular approach to plastic usage 
[10,11]. As the world combats the consequences of plastic pollution, the 
adoption of these materials is important in paving the way towards a 
more sustainable and environmentally friendly future.

Two disruptive technologies—3D printing and artificial intelligence 
(AI) hold immense potential for reforming future technology. AI denotes 
computer capabilities that imitate specific cognitive functions of 
humans: perception, reasoning, learning, and problem-solving [12,13]. 
Its integration into various fields like manufacturing and healthcare 
promises to streamline tasks, boost decision-making, and ramp up effi
ciency [14–16]. In parallel, 3D printing is a revolutionary 
manufacturing technique that allows for the direct layer-by-layer pro
duction of complex parts from digital models [17,18]. It yields a 
competitive advantage over traditional methods by offering 
cost-effective production pathways to create low-volume and custom
ized products with intricate geometries and unique material properties 
[19,20]. Projections indicate that by 2025, this technology could 
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potentially generate savings ranging from $170 to $593 billion; more
over, it might decrease primary energy supply between 2.54 EJ (exa
joules) and 9.30 EJ, along with reducing CO2 emissions between 130.5 
Mt (megatons) and 525.5 Mt [21]. An estimated global market size of 
$55.8 billion by 2027 [22] predicts the dominance of 3D printing in 
sectors such as aerospace, healthcare and automotive. Similarly, AI is 
expected to reach the US$2.5 trillion market by 2032 and will be used in 
manufacturing, finance, healthcare and retail [23]. As these technolo
gies progress, their synergy not only revolutionizes manufacturing 
processes but also refines designs – they become integral to achieving 
sustainability goals on a worldwide scale.

3D printing encompasses various technologies such as material 
extrusion, binder jetting, vat photopolymerization, powder bed fusion, 
material jetting and direct energy deposition [24,25]. Using these 
techniques, functional components can be created from filaments, pel
lets, liquids, or powders [26–29]. Despite its capacity, 3D printing faces 
challenges, consisting of the formation of voids attributable to subop
timal print settings [30,31], that could impact the inter-layer properties 
[32,33], and the inhomogeneity of printed materials [34,35]. Addi
tionally, problems like residual stress deformation can arise because of 
rapid cooling [36]. Addressing these challenges is essential to fully un
lock the transformative potential of combining 3D printing with AI. The 
complex interplay between 3D printing processes and their constraints 
highlights an opportunity for integrating AI, which plays a pivotal role 
in addressing the challenges of 3D printing and expanding the limits of 
what is achievable in advanced manufacturing.

The integration of 3D printing and AI has resulted in transformative 
changes in various industries. The use of 3D printing opens up new 
possibilities for adaptability and customization in industries such as 
health care, consumer goods, automotive and aerospace. This review 
investigates the relationship between 3D printing and AI, focusing on 
their collective impact on advanced manufacturing, especially for sus
tainable polymers and composite materials. It analyzes the function of 
AI in optimizing numerous facets of the 3D printing technique, including 
predictive modelling, design and geometry optimization and quality 

control. Its objective is to analyze how AI can address the inherent, 
significant challenges associated with 3D printing. A particular 
emphasis is placed on environmental effect assessment, proceeding to 
offer a comprehensive know-how of the potential synergy among 3D 
printing and AI in addressing sustainability issues. This review examines 
how 3D printing and AI can work together, aiming to change 
manufacturing methods so that they do more than just meet industry 
needs — they exceed them.

2. Scope of the review

This review explores the integration of 3D printing and AI in the 
sustainable materials domain. It provides a detailed analysis of the ways 
in which 3D printing contributes to the use of environmentally friendly 
materials. In addition, this study highlights the advances made by AI to 
enhance the overall 3D printing process. The particular emphasis lies in 
exploring how AI can enhance different aspects of the 3D printing pro
cesses, such as material selection and formulation, predictive modeling, 
design optimization, and quality control. Furthermore, this review 
thoroughly analyzes the environmental consequences of this integra
tion, aiming to offer valuable insights into the potential fusion of 3D 
printing, AI, and sustainability. By examining the challenges and future 
prospects, this review seeks to gain a thorough understanding of how the 
combined power of 3D printing and AI can transform advanced 
manufacturing practices toward a more sustainable and environmen
tally conscious future.

3. 3D printing of sustainable polymers and composites

The 3D printing industry has grown significantly, with uses ranging 
from prototyping to the production of end-use components. There is a 
noticeable trend toward sustainability in this dynamic terrain, with a 
particular focus on the usage of sustainable polymers and composites. 
Sustainable polymers can be defined in several ways: (a) polymers 
produced from eco-friendly, safe-to-use and renewable feedstocks that 

List of abbreviations

Abbreviation Definition
AI Artificial Intelligence
ANFIS Adaptive Neuro-Fuzzy Inference System
ANN Artificial Neural Network
BR Bayesian Regularization
Bi-LSTM Bidirectional Long Short-Term Memory
CFD Computational Fluid Dynamics
CNN Convolutional Neural Network
DL Deep Learning
EJ Exajoules
FDM Fused Deposition Modeling
FEA Finite Element Analysis
GA Genetic Algorithm
GAN Generative Adversarial Network
KNN k-Nearest Neighbor
LAAM Laser-Aided Additive Manufacturing
LDPE Low-Density Polyethylene
LM Levenberg Marquardt
LOF Local Outlier Factor
LSTM Long Short-Term Memory
MAE Mean Absolute Error
ML Machine Learning
MLP Multi-Layer Perceptron
MSE Mean Squared Error
Mt Megatons

PA Polyamide
PBS Poly(butylene succinate)
PC Polycarbonate
PE Polyethylene
PEF Poly(ethylene furanoate)
PET Poly(ethylene terephthalate)
PGA Polyglycolide
PHA Polyhydroxyalkanoate
PID Proportional-Integral-Derivative
PLA Polylactic acid
PP Polypropylene
PSO Particle Swarm Optimization
PU Polyurethane
RF Random Forest
RL Reinforcement Learning
RMSE Root Mean Square Error
ROS Robot Operating System
RSM Response Surface Methodology
RVE Representative Volume Element
SCG Scaled Conjugate Gradient
SVM Support Vector Machine
SVR Support Vector Regression
TO Topology Optimization
TPMS Triply Periodic Minimal Surface
VAE Variational Autoencoder
WOA Whale Optimization Algorithm
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also offer recyclability or disposal methods compatible with environ
mental preservation [8,37]; (b) polymers derived out of renewable 
materials showcasing closed-loop life cycles [38,39]; and (c) polymers 
that meet consumer demands while aligning corporate requisites 
without causing any health hazards, environmental destruction or eco
nomic strain [40]. The term "sustainable composite" refers to a material 
containing a polymer matrix with reinforcing fibers or particles [41]. It 
is specifically intended to minimize its effect on the environment and 
promote long-term ecological balance [7]. Factors such as employing 
environmentally benign raw materials, reducing energy consumption 
during manufacturing processes and guaranteeing recyclability or 
repurposability at its lifespan’s end contribute directly to a composite’s 
sustainability [42–45]. Additionally, sustainable composites can have 
properties such as durability, minimal toxicity, and adherence to cir
cular economy principles; thus, they foster responsible utilization of 
resources while mitigating ecological impact [46,47].

Sustainable polymers can be categorized into two main groups: 
natural polymers and synthetic bio-based polymers [48,49]. Natural 
polymers include cellulose, hemicellulose, lignin, protein, starch and 
modified biopolymers [50–52]. Synthetic biobased polymers can be 
derived from fatty acids, plant oils, terpenes, furans, amino acids and 
rosin acids [53–55]. Moreover, sustainable polymers encompass those 
biologically or chemically synthesized from renewable monomer sour
ces, such as polylactic acid (PLA) and polyhydroxyalkanoate (PHA) [56,
57]. Polyglycolide (PGA), poly(butylene succinate) (PBS), polyethylene 
(PE), polypropylene (PP), poly(ethylene furanoate) (PEF), poly(ethylene 
terephthalate) (PET), polyamide (PA), polycarbonate (PC), and poly
urethane (PU) can also be partially or even wholly synthesized from 
renewable feedstocks like biomass and carbon dioxide [58–60]. Some 
sustainable polymers, such as PLA and PBS, are biodegradable [61], 
while others, such as polyolefins, PET, PEF, and PA, are resistant to 
degradation [62,63]. To lessen the negative effects of the latter, it is 
important to put in place appropriate end-of-life strategies, such as 
recycling [64].

In sustainable composites, natural fiber composites incorporate 
materials like hemp, flax, bamboo, biocarbon from different biomasses, 

etc. into polymers [65,66]. Hemp-plastic composites leverage the 
strength and lightweight properties of hemp fibers, thus contributing to 
eco-friendly alternatives for various applications [67]. Biocomposites 
represent an innovative category that combines natural fibers or parti
cles with biobased polymers [68–70]. Wood-plastic composites, which 
integrate wood fibers with polymers, exemplify this category, offering a 
sustainable solution with reduced reliance on synthetic materials [71,
72].

3D printing of sustainable polymers and composites represents a 
technologically advanced approach to environmentally friendly pro
duction. Fig. 1 illustrates how 3D printing promotes sustainability and a 
circular economy. Through the selection of biodegradable polymers 
derived from renewable sources and recycled polymers, the resultant 
3D-printed objects demonstrate a commitment to reducing their 
ecological impact by naturally decomposing over time and reducing 
landfill [73,74]. Concurrently, the incorporation of recycled polymers or 
composites into the 3D printing process establishes a closed-loop system, 
mitigating the demand for virgin materials and effectively managing 
plastic waste [75,76]. This approach not only promotes the use of 
environmentally friendly materials but also contributes to the overall 
sustainability of the product throughout its life cycle. The customizable 
nature of 3D printing ensures design optimization precision and minimal 
material usage while maintaining structural integrity [77]. The combi
nation of 3D printing with sustainable polymers and composites is a 
technological step forward, creating a harmonious balance between 
innovation and environmental responsibility in advanced 
manufacturing.

4. AI in 3D printing: an overview

The term "artificial intelligence (AI)" was first used by John McCar
thy in 1956 during the Dartmouth Workshop, a significant event that 
marked the beginning of AI as a separate area of research [78]. AI refers 
to the emulation of human intelligence processes by machines, partic
ularly computer systems [79,80]. These processes encompass learning, 
reasoning and self-correction [81,82]. AI systems can be broadly 

Fig. 1. 3D Printing for sustainability through the use of biodegradable and recycled polymers.
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classified into two main types: narrow AI (weak AI) and general AI 
(strong AI) [83,84]. Narrow AI is developed and trained to execute 
specific tasks with remarkable proficiency, occasionally surpassing the 
capabilities of human beings. However, its ability to adapt its expertise 
to multiple tasks or domains is limited [85]. General AI, on the other 
hand, refers to machines having human-like intelligence capable of 
comprehending, learning, and applying information across a wide range 
of tasks [86]. Despite its potential, developing this level of AI remains 
largely theoretical [87]. The trajectory of AI’s advancement can be 
categorized into several distinct waves as shown in Fig. 2 [88,89]: 
Symbolic AI (1950s–1980s), focused on logical rules and expert systems; 
Connectionist AI (1980s–1990s), which explored neural networks and 
parallel processing; Statistical AI (2000s–2010s), characterized by the 
prominence of machine learning (ML) and statistical techniques; and 
Modern AI (2010s-Present), marked by breakthroughs in deep learning 
(DL), reinforcement learning (RL), and large-scale data processing. The 
rapid advancement of AI is evident in various subfields, as can be seen in 
Fig. 3, such as ML, where algorithms evolve and improve through 
experience; neural networks, which mimic the human brain’s structure 
and enhance pattern recognition; and DL, scaling neural networks to 
excel at processing vast amounts of data for complex tasks.

ML uses learning algorithms that train models to recognize patterns 
and utilize task-specific data to solve problems [90]. The process of 
creating ML systems involves three key steps: obtaining relevant data
sets (training data), selecting an appropriate ML model, and training it 
for the specific task [91,92]. ML can be categorized into three primary 
learning paradigms: supervised, unsupervised, and RL [93,94]. Super
vised learning trains an ML algorithm using data that includes both in
puts and corresponding labels. The model learns to predict labels based 
on the provided input features. After training, the model can predict 
labels for new input features without labels [95,96]. This paradigm is 
valuable for tasks like image, voice, and object recognition, especially 
when large labeled datasets are available. Unsupervised learning, on the 
other hand, trains an ML model using only input features without cor
responding labels [97]. It aims to achieve various goals, such as reducing 
feature dimensionality, clustering similar data points, replicating the 
training dataset, or identifying anomalies [98]. Unsupervised learning 
models can discover hidden patterns in data without human interven
tion during training [99]. RL, unlike the other paradigms doesn’t rely on 
pre-existing training data. Instead, an RL agent interacts with an envi
ronment, generating training data that includes observations, actions 
taken, and rewards [100]. The environment represents the software that 
encapsulates the problem to be solved. Over time, the agent learns to 
maximize rewards and finds the best path to its goal [101]. Unlike su
pervised learning, RL doesn’t require correct answers for each of its 

actions; it instead receives sparse feedback in the form of scalar rewards. 
RL finds significant utility in applications related to robotics and opti
mization [102,103].

In the era of the 4th industrial revolution, also known as "Industry 
4.0," various manufacturing industries, including the 3D printing sector, 
generate massive amounts of data. 3D printing is experiencing a sub
stantial surge in data generation, closely tied to the role of ML. In 3D 
printing, ML algorithms can take center stage, allowing users to fine- 
tune printing parameters, resulting in improved print quality and 
operational efficiency. Moreover, ML can facilitate informed decisions 
regarding sustainable material choices and composite formulation 
design, revolutionizing these critical aspects of 3D printing. It can play a 
pivotal role in developing sophisticated models that delve deeper into 
the behavior of polymers and composites during the printing process. 
These predictive models will enable real-time adjustments, guided by 
ML, to yield desired printing outcomes, a feat otherwise challenging to 
attain. Quality control and defect detection receive significant attention 
within the purview of ML. AI-based methods, underpinned by ML 
techniques, become instrumental in ensuring consistency and reliability 
in the quality of 3D printed components. In sectors with stringent 
standards like aerospace, ML stands as a critical tool for defect detection 
and quality assurance. Moreover, generative design and simulations, 
enriched by ML, reshape the landscape of structural optimization. ML 
algorithms facilitate the generation of intricate and high-performance 
part geometries, while enhancing simulations such as finite element 
analysis (FEA) and computational fluid dynamics (CFD). These insights 
highlight the transformative and empowering role of ML in the field of 
3D printing within the framework of Industry 4.0. Fig. 4 shows the types 
of ML and their applications in different areas of 3D printing technology. 
Although integrating ML into 3D printing has potential benefits like 
optimizing printing parameters and reducing waste, it also comes with 
various challenges. These challenges include data availability, real-time 
feedback, hardware compatibility, overfitting, interpretability, cost of 
computational resources, privacy, ethics, user expertise, and regulation.

5. AI-driven 3D printing process optimization

Achieving efficient, high-quality, and cost-effective results requires 
optimizing the 3D printing process. The fine-tuning of parameters is 
critical for decreasing material waste and manufacturing costs 
[104–106]. By optimizing the printing speed, time efficiency can be 
increased, which is especially advantageous in industries where rapid 
turnover is important [107]. In addition, the careful adjustment of 
printing settings improves the overall quality of printed products, 
addressing problems related to surface finish, dimensional accuracy, and 

Fig. 2. History of AI from its inception to 2023.
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layer adhesion [108,109]. Process optimization facilitates the custom
ization of parameters for specific requirements, enabling the printing of 
complex geometries and intricate designs with precision [110]. This 
adaptability is especially valuable in industries like healthcare, aero
space, and automotive [111–114]. Additionally, optimization ensures 
compatibility with different materials, preventing issues like warping as 
well as enhancing material utilization [115]. Energy efficiency, 
increased machine utilization, and the establishment of consistent and 
reliable printing processes contribute to the wider adoption of 3D 
printing technology across diverse applications.

The rapid expansion of 3D printing has heightened the need for ac
curate parameter identification, especially given the growing variety of 
materials and their distinct characteristics that add complexity to 
determining the optimal combination of parameters. To address this, 
Oberloier et al. [116] introduced the "PSO Experimenter," an 
open-source platform using particle swarm optimization (PSO) algo
rithms to simplify computational intelligence applications. The study 
optimized the 3D printing of recycled Low-Density Polyethylene (LDPE) 
with five particles, programmed for explorative behavior to avoid pre
mature convergence on local minima. Fitness functions were integrated 
into a spreadsheet, linking fitness to input values. The optimization had 

three phases: refining extrusion lines, enhancing single-layer planes, and 
further refining solid cubes. Significant improvements were observed, 
reducing stool production costs from $24.62 to $3.22 (87 % reduction) 
and achieving a remarkable 97 % reduction in research time for 
parameter optimization. Similarly, an autonomous calibration system 
for low-cost fused deposition modeling (FDM) 3D printers was devel
oped by Ganitano et al. [117], showcasing the optimization of process 
parameters for complex model printing. This system employed meta
heuristics and an efficient optimization method to fine-tune printing 
parameters. Various camera systems were used to detect issues such as 
nozzle clogging, incomplete printing, layer shifting, and infill deviation. 
Convolutional Neural Networks (CNNs) were employed for real-time 
defect detection during printing. The system, employing a sequential 
pipeline and a calibration object, evaluated the quality of 3D printer 
process parameters. Simulated annealing efficiently explored the 
parameter space, minimizing the computer vision evaluation. The 
modified Stanford bunny model was used for calibration, yielding sub
millimeter dimensional accuracy. Despite initial defects, the Creality 
Ender-3D printer achieved high-quality prints with a 0.047 mm average 
deviation from the CAD model, using PLA, PLA Pro, and PVB thermo
plastic materials in experimental evaluations.

Fig. 3. AI advancements including machine learning, neural networks, and deep learning.

Fig. 4. ML types and their applications to different areas of 3D Printing.
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Various other strategies were implemented in addition to simulated 
annealing to enhance the 3D printing process and optimize parameters 
for improved output quality and efficiency. The Expert-Guided Opti
mization (EGO) strategy for optimizing 3D printing parameters by 
Abdollahi et al. [118] involved expert-defined parameter space selec
tion, hill-climbing optimization guided by real-time feedback, and 
expert reassessment if results were unsatisfactory. The iterative 
hill-climbing algorithm optimized parameters based on expert-defined 
factors, showing transferability across materials and geometries. In a 
study by Rojek et al. [119], artificial neural networks (ANNs) were used 
to predict relationships between input and output variables. The two 
ANNs were constructed: one for predicting electricity consumption and 
another for forecasting air pollution levels. The selected ANN models 
demonstrated promising results in predicting energy consumption and 
air pollution, achieving the lowest Root Mean Square Error (RMSE) 
values. Kumar et al. [120] introduced an ANN with WOA optimization 
approach aimed at minimizing critical factors affecting 3D printed part 
quality, such as surface roughness, volume percentage error, and pro
duction time. Their self-learning model, optimized through a 
multi-layered feed-forward perceptron technique, yielded optimal re
sults by minimizing Mean Squared Error (MSE) and achieving a large 
regression value (RL). The investigation focused on key parameters 
including nozzle temperature, layer thickness, printing speed, and raster 
width, identifying optimal conditions for minimal surface roughness. 
Phogat et al. [121] employed genetic algorithm (GA) with ANN to 
predict and optimize wear rates. The cylindrical specimens were pro
duced using a Geeetech A30 3D printer, following a central composite 
design by design experts. The ANN model was trained with data from 38 
parameter sets, and the optimization process yielded the optimal 
parameter values that minimized wear. PLA demonstrated a wear rate of 
0.155,371 mm3/m, with specific parameter settings such as infill density 
of 95.207 %, raster angle of 89.258◦, nozzle temperature of 220.009 ◦C, 
wall thickness of 1.198 mm and printing speed of 40.043 mm/s.

In an exploration of image-based quality inspection techniques for 
3D-printed parts, a combination of transfer and ensemble learning was 
employed by Yang et al. [122] to enhance defect detection and classi
fication accuracy. Various pretrained CNNs, including VGG16, VGG19, 
InceptionV3, ResNet50, EfficientNetB0, and EfficientNetV2L, were used 
for feature extraction from the image dataset. To train defect-detection 
models, ensemble learning methods like bagging and boosting were 
used. The dataset comprised 3D-printed objects with different filament 
colors (blue, green, and gray). Results indicated that combining specific 
pretrained models, such as VGG16 and VGG19, with ensemble learning 
methods yielded the highest accuracy for defect detection.

Albahkali et al. [123] and Fouly et al. [124] both employed a similar 
approach to enhance the mechanical and tribological characteristics of 
PLA composites for biomedical applications. In the former study, the 
focus was on improving PLA for artificial knee joints by incorporating 
date pit powder to mitigate brittleness issues in ceramic knee joint 
materials. Through heat treatment and the application of an Adaptive 
Neuro-Fuzzy Inference System (ANFIS), the study demonstrated that 
higher concentrations of date pit powder, along with heat treatment, 
resulted in increased hardness, improved compressive properties, and 
enhanced wear resistance of PLA composites. The ANFIS model 
exhibited precise predictions, with an average percentage error of less 
than 0.00931 %, thereby contributing to the optimization of PLA for 
biomedical applications. Similarly, in the latter study, ANFIS models 
were developed to predict the mechanical behavior of PLA green com
posites for biomedical applications, considering variations in production 
parameters such as the weight fraction of date pit particles and 
annealing time. The incorporation of date pit particles, combined with a 
5-hour heat treatment, resulted in enhanced load-carrying capacity and 
improved mechanical characteristics. The ANFIS model accurately 
predicted the hardness, modulus of elasticity, and strength of PLA-date 
pit composites, aligning well with experimental results and demon
strating the significant impact of date pit concentration and annealing 

duration on mechanical properties.
These studies highlight the importance of optimization techniques 

for navigating the complexities of 3D printing, especially with the 
growing variety of materials and challenges in identifying the right 
parameters. A range of methods were discussed, including PSO, auton
omous calibration, expert-guided strategies, and ANNs, with notable 
successes like reducing costs and time, defect detection, and optimizing 
quality metrics. The incorporation of transfer learning and ensemble 
learning in spotting defects through images demonstrates the collabo
rative potential of ML and 3D printing. However, it’s essential to note 
that while these studies provide valuable insights and practical appli
cations, they often lack in-depth discussions about the limitations and 
scalability of their methods across different materials, printers, and real- 
world situations. Future research should prioritize addressing these 
challenges to make these techniques more widely applicable in various 
3D printing scenarios.

6. Material selection for 3D printing using AI

The incorporation of AI has substantially improved material selec
tion for 3D printing. AI is critical in keeping large databases with up-to- 
date information on various 3D printing materials, including their 
qualities and compatibility with different printing processes [125]. ML 
algorithms predict material performance under specific printing condi
tions, anticipating mechanical behavior [126–128]. By taking into ac
count variables such as nozzle temperature, raster angle, and layer 
thickness, simulations and models powered by AI are able to optimize 
the 3D printing process [129,130]. Additionally, AI evaluates cost pa
rameters, improving material selection to reduce manufacturing costs 
and environmental effect [131]. Furthermore, through the incorpora
tion of data derived from the real-world performance of printed objects, 
the technology creates a feedback loop that iteratively enhances mate
rial selection models [132–134]. Customization and personalization of 
material choices based on specific requirements can be facilitated by AI, 
contributing to the evolution of 3D Printing. Xue et al. [135] focused on 
elastic moduli control using ML techniques to automatically select 
design parameters without human interference. They employed varia
tional autoencoders (VAEs) and generative adversarial networks (GANs) 
as generative models in the optimization framework. VAEs were used to 
compress Representative Volume Element (RVE) images to a reduced 
latent space, and Bayesian Optimization was applied to find an optimal 
RVE configuration meeting the prescribed design goal as shown in Fig. 5. 
Computational homogenization for linear elasticity provided averaged 
macroscopic mechanical properties from a composite solid with multi
ple materials. The VAE model was implemented in PyTorch, and 200 
samples were drawn from low dimensional space. These samples, along 
with obtained decoded RVE images, underwent computational homog
enization. Principal component analysis compressed the latent space 
into a 2D representation. Experimental validation involved 3D printing 
multi-material structures using UV-assisted replica molding. The 
consistently higher Young’s modulus values than predicted indicate a 
manufacturing process consistently favoring PU over soft silicone, 
resulting in a high macroscopic Young’s modulus. Rojek et al. [114] 
developed 3D-printed hand exoskeleton components using FDM and 
optimized the process through ANNs supported by GA. The essential 
physical properties for exoskeleton parts, encompassing durability, 
elasticity, hardness, compressibility, resilience, and temperature, were 
evaluated through 50 printed samples, revealing that PLA+ surpasses 
PLA in elasticity, and the optimized components achieve a balance be
tween tensile force and low weight.

7. Predictive modeling using AI for enhanced 3D printing

Understanding the optimal parameters for 3D printing is essential for 
improving printed part performance. Teharia et al. [136] address this 
need by utilizing an ANN approach to assess the impact of various 
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printing parameters on printed specimen performance, aiming to opti
mize process parameters for optimal tensile strength. Examined factors 
included infill pattern, nozzle temperature, layer thickness, printing 
speed, and raster angle. Using an L27 orthogonal array for experimental 
design, specimens were printed and tested. Taguchi analysis revealed 
that tensile strength is influenced by factors such as printing speed and 
layer thickness. The architecture of the ANN included 10 neurons in 
layer 1 and 3 neurons in layer 2. A crucial aspect for error minimization 
was ensuring that the overall R values of the training, testing, and 
validation plots closely approached 1. The ANN model identified 
optimal parameters for desired tensile strength as follows: layer thick
ness of 200 µm, speed/feed rate of 50 mm/min, grid infill pattern, raster 
orientation of 0◦, resulting in a tensile strength of 52.688 MPa. In a 
related study by Ali et al. [137], the Taguchi method and ANN were 
employed to predict the tensile strength of parts made from PLA using 
FDM. The ANN model was trained using different optimizers i.e., scaled 
conjugate gradient (SCG), Bayesian regularization (BR), and Levenberg 
Marquardt (LM). Among these, LM and BR were recommended for 
nonlinear systems, both in simulated and real-world data, owing to their 
capacity to minimize squared errors and weights. The ANN underwent 
training using 25 sets of input process parameters and tensile strength as 

output response. The optimal parameters for maximizing tensile 
strength were determined to be a layer thickness of 0.22 mm, printing 
speed of 45 mm/s, nozzle temperature of 205 ◦C, raster angle of 70◦, and 
4 perimeter numbers. To extend the exploration, Deb et al. [138] uti
lized ANNs to predict the impact of various process parameters on part 
attributes in PLA printing. Five key parameters were considered: raster 
angle, layer thickness, nozzle temperature, build orientation, and 
printing speed. The study explored infill angles using a zigzag structure 
at 50 % relative density and raster angles of 0◦, 30◦, and 45◦ around the 
Z-axis. The Taguchi Orthogonal Array method was applied to identify a 
specific combination of process parameters. Three individual ANN 
models were developed to predict part characteristics (tensile strength, 
surface roughness, dimensional accuracy), while a combined ANN 
model was created to establish relationships between process parame
ters and part attributes. The ANN models underwent training through a 
Rule of Thumb approach, achieving optimal performance by employing 
a single hidden layer comprising six neurons and utilizing a tangent 
sigmoid transfer function. Training involved various optimizers such as 
LM, BR, one-step secant, and gradient descent. The evaluation of model 
performance was conducted based on ANN predictions, utilizing metrics 
such as RMSE and correlation coefficient. The combined output model 

Fig. 5. (a) Illustration of the Bayesian optimization framework, where (a) outlines the steps: generating an artificial RVE image database (Step 1), training a VAE for 
realistic 56 × 56 images (Step 2), and utilizing Bayesian Optimization (BayesOpt) for achieving optimal RVE design for specified elastic moduli (Step 3); The 
experimental validation section, (b), includes (b1) a comparative analysis of macroscopic Young’s modulus for three RVEs, contrasting experimental results with 
computational homogenization, and (b2) a similar examination of macroscopic Poisson’s ratio for the same RVEs, comparing experimental findings with compu
tational homogenization. Adapted with permission from [135], Copyright 2020 by the Elsevier.
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exhibited exceptional performance, achieving a minimal mean square 
error of 0.143289. However, the individual model for dimensional ac
curacy outperformed the combined model, reaching its lowest gradient 
at epoch 4. Regarding tensile strength predictions, the individual model 
outperformed the combined model, demonstrating a very low RMSE. 
Optimal parameters for surface finish were determined, including a 0.1 
mm layer thickness, 40 mm/s printing speed, 220 ◦C extruder temper
ature, 0◦ deposition direction, and 0◦ build orientation. Improved me
chanical properties were achieved with a 0.1 mm layer thickness, 80 
mm/s printing speed, 210 ◦C extruder temperature, 45◦ deposition di
rection, and 90◦ build orientation.

Understanding the mechanical behavior of 3D printed materials is 
important for optimizing printing processes and achieving desired ma
terial properties. To address this, Grozav et al. [139] developed a pre
dictive model using ANNs to create an orthotropic material profile, 
aiming to simulate the mechanical behavior of PLA printed through 
FDM. The neural network comprised three fully connected hidden 
layers, each containing eight nodes. It featured two potential configu
rations for inputs and outputs: one for horizontal orientation tensile 
strength values and another for vertical orientation. Adamax was 
employed as the optimizer for the neural network, with the Mean Ab
solute Percentage Error serving as the loss function. Activation functions 
for the hidden and output layers were selected through performance 
evaluation and consideration of input/output data ranges. The tensile 
test data were split, allocating 80 % for training and 20 % for validation. 
The model accurately predicted a tensile strength of 50.12 MPa with 
prediction accuracy of 93 %, showcasing its potential for predicting 
tensile strength in future parameter combinations. Similarly, Jatti et al. 
[140] optimized the printing process parameters i.e., layer height, infill 
percentage, nozzle temperature and printing speed with the aim of 
improving the tensile, impact, and flexural strength of PLA parts. Higher 
infill percentages and nozzle temperatures led to an increase in tensile 
strength. Flexural strength showed improvement with higher layer 
height, infill percentage, and nozzle temperature, while it slightly 
decreased with high print speeds. Impact strength demonstrated sensi
tivity to all parameters, rising with layer height, infill percentage, and 
printing speed but decreasing significantly with higher nozzle temper
ature. A mathematical model was developed using nonlinear regression 
for predicting flexural strength, tensile strength, and impact strength of 
a 3D-printed part. The optimized parameters for impact strength 
included infill of 70 %, layer height of 0.08 mm, printing speed of 20 
mm/s, and nozzle temperature of 201 ◦C. For flexural strength, the 
optimum values were 100 % infill, 52 mm/s printing speed, 0.24 mm 
layer height, and 203 ◦C nozzle temperature. To attain the highest 
tensile strength, the recommended parameters were infill of 100 %, 
layer height of 0.0962 mm, printing speed of 20 mm/s, and nozzle 
temperature of 230 ◦C.

Moradi et al. [141] aimed to optimize PLA printed part production 
by studying thickness deviation, production cost and toughness of ten
sile specimens. They employed ANN and ANN-GA techniques, con
firming the feasibility of enhancing toughness for end-use applications. 
Optimal settings were identified as 0.28 mm layer thickness, 34 %, infill 
percentage, and 222 ◦C nozzle temperature, with build time signifi
cantly impacting production cost. The interaction between layer thick
ness and infill percentage was highlighted important for part thickness. 
Enhanced toughness primarily resulted from increased ductility. The 
hybrid ANN-GA method demonstrated better accuracy in predicting 
output values compared to a single ANN model. Moreover, Moradi et al. 
[141] utilized RSM to determine the ideal window of operability. Uti
lizing contour maps derived from multiple responses, RSM facilitated 
the creation of optimal printed samples. Singh et al. [142] used an ANN 
model with a tansig activation function to predict FDM process re
sponses. The study investigates the impact of six process parameters on 
the FDM response, encompassing build orientation, nozzle diameter, 
layer height, infill density, raster pattern and printing speed. The model 
utilized two hidden layers, each with 10 neurons, and one output layer 

with four responses: build time, tensile strength, surface roughness, and 
material consumption. The effectiveness of the developed neural 
network model was evaluated through correlation analysis. The ob
tained correlation value was 0.99483, indicating a strong correlation 
between experimental values and predicted model values. The predicted 
results of the ANN model for the testing dataset demonstrated a close 
alignment with the actual experimental data. Comparative results and 
error values lead to the conclusion that a well-trained neural network 
model exhibits a higher level of accuracy in predicting output responses 
of the FDM process. Rojel et al. [114] utilized an ANN in conjunction 
with GA to optimize the 3D printing process, aiming to achieve 
maximum tensile force. A feed-forward neural network with a 
back-propagation algorithm was utilized for training and parameter 
optimization. The GA reduced input variables in constructing the ANN 
model. The 3D printer ANN used normalized and scaled input variables 
for consistent interpretation. GA, a heuristic search technique, auto
matically optimized the ANN structure using an original fitness function. 
MSE calculated the neural network model’s accuracy after a specific 
number of training epochs. A three-layer feed-forward neural network 
with back-propagation optimized connection weights. The models un
derwent testing for learning speed and generalization, with processes 
averaging 10,000 iterations and 500 to 1000 learning epochs. The 
proposed method, which utilizes a multi-layer perceptron (MLP) archi
tecture, contributes towards standardization, with better results 
observed for PLA+ compared to PLA, attributed to its greater elasticity. 
In another study, Rojel et al. [143] conducted a comparison of the 
optimization of 3D printing process for achieving the maximum tensile 
force using two distinct approaches: a DL approach centered on CNNs 
and traditional ANNs. The findings indicate that as the complexity of 
printed objects increases, DL approaches are expected to emerge as the 
preferred method for 3D printing optimization. Compared to traditional 
ANN methods, DL-based optimization offers increased quality, 
decreased MSE, and faster calculation speeds.

Jayasudha et al. [144] evaluated the performance of five supervised 
ML models in predicting mechanical properties. These models included 
Linear Regression, Gradient Boosting Regression, AdaBoost Regression, 
XGBoost Regression, and Random Forest (RF) Regression. The study 
comprised two case studies. In the first case study, the investigation 
focused on the tensile strength of printed part, with a specific emphasis 
on three process parameters: nozzle temperature, shell thickness and 
layer height. A full factorial design was employed to assess the impact of 
these parameters. The correlation between tensile strength and process 
parameters was evaluated through a Pearson correlation heatmap, as 
depicted in Fig. 6 (a). Fig. 6 (b) reveals significant deviations between 
actual tensile strength and linear regression predicted values, particu
larly in overprediction at lower tensile strength values and under
prediction at higher values, even within the training set. Fig. 6 (c) shows 
that RF regression performs slightly better than linear regression on 
training data but exhibits poor performance on testing data. AdaBoost 
regression (Fig. 6 (d)) demonstrates improved fitting characteristics on 
training data compared to RF regression and linear regression, although 
testing data performance remains subpar. Gradient boost regression 
(Fig. 6 (e)) and XGBoost regression (Fig. 6 (f)) exhibit ideal fitting on 
training data, with XGBoost showing slightly better performance on 
testing data. Both algorithms demonstrate an equal likelihood of over
prediction or underprediction on testing data, suggesting unbiased 
models. The results demonstrated that different ML algorithms exhibited 
varying performance, with XGBoost demonstrating the best perfor
mance in terms of RMSE, median absolute error and Mean Absolute 
Error (MAE). In the second case study, the researchers aimed to predict 
tensile strength, taking into consideration factors such as layer thickness 
and angles. Here, the models once again showcased differing perfor
mance, with XGBoost outperforming other algorithms in terms of pre
diction accuracy.

Tura et al. [145] introduced ANN and Fuzzy Logic modeling to 
predict 3D printing outcomes. The ANN accurately forecasted results 
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based on experimental data, while the fuzzy logic model employed tri
angle membership functions for output prediction. An analysis of vari
ance assessing the impact of process parameters on tensile strength 
identified infill density as pivotal, with nozzle temperature and printing 
speed playing lesser roles. The ANN model exhibited an error of 0.40 % 
from experimental data, although one sample notably over-predicted. In 
contrast, the fuzzy logic model demonstrated an average percentage 
error of 1.84 %, underscoring the superior accuracy of the ANN in the 
comparative evaluation of predictive models.

The study by Charalampous et al. [146] focuses on the impact of 
different printing conditions on the tensile strength of the printed parts. 
The study encompassed five different levels of printing conditions, 
including factors such as nozzle temperature, printing speed, and layer 
height. Treating the prediction of tensile strength as a regression prob
lem, ML based regression algorithms namely RF, k-Nearest Neighbors 
(KNN) and support vector regression (SVR) were applied. The KNN 
model demonstrated the best performance with test set absolute errors 
being less than 2.50 %. This outcome suggests that the established 
regression model is adept at effectively predicting the tensile strength of 
products produced through FDM.

Cai et al. [147] developed sustainable 3D-printed continuous ramie 
fiber reinforced polypropylene composites using in-situ impregnation 
3D printing. The Box-Behnken design was employed to study the effect 
of printing parameters, specifically focusing on nozzle temperature, 
extrusion rate, layer thickness and printing speed. Three-point bending 
tests assessed interlayer and intralayer adhesion properties, with pre
diction models employing response surface methodology (RSM), ANN 
and RF. The ANN model achieved high R2 scores (Inter-Strength: 
0.9682, Intra-Strength: 0.9677) with no overfitting. Results showed 
increased strength with higher extrusion rate and nozzle temperature. 
Parameter optimization decreased strength by 4 % and 12 % at an 80 % 
threshold but improved forming efficiency, highlighting broader 3D 
printing applications.

The studies described in this section highlight the importance of 
optimizing 3D printing processes through the integration of AI. These 
investigations cover diverse aspects, including printing parameter 
optimization, material profile creation for numerical simulations, 
strength enhancement through parameter adjustments, and the explo
ration of different ML models for predicting mechanical properties. 

Researchers have employed a combination of experimental design, 
Taguchi analysis, and ANNs to identify optimal parameters for maxi
mizing tensile strength, emphasizing factors like layer thickness, infill 
patterns and printing speed. Many studies have focused on the choice of 
optimization- and architecture-related hyperparameters or compared 
different machine learning methods. The exploration extends to 
considering various process parameters, including infill and raster an
gles, demonstrating the power of ANN in predicting attributes like sur
face roughness, tensile strength, and dimensional accuracy. 
Additionally, studies have delved into creating orthotropic material 
profiles, simulating the anisotropic nature of 3D-printed materials. The 
integration of ANNs with GAs showcases the potential for comprehen
sive optimization strategies, addressing multiple material properties 
such as toughness, thickness, and production cost. The comparison of 
different ML models highlights the importance of selecting appropriate 
algorithms for specific applications. Factors such as nozzle temperature, 
layer thickness, printing speed, infill pattern and raster orientation have 
been found to influence the tensile strength of printed parts. Exploration 
of the hybrid ANN-GA method confirmed its superiority in predicting 
thickness deviation, toughness and production cost, highlighting the 
interaction between infill percentage and layer thickness. Introduction 
of ANN and Fuzzy Logic modeling underscored the importance of infill 
density in predicting tensile strength. The application of ML-based 
regression algorithms to predict tensile strength under varied printing 
conditions, with the model exhibiting optimal performance, further 
enriches the understanding of 3D printing optimization. Lastly, a focus 
on sustainable 3D printing, using ANN and ML algorithms, provides 
valuable insights into optimizing parameters for enhanced mechanical 
properties while maintaining sustainability. Table 1 provides an over
view of recent research efforts focusing on predictive modeling to 
improve mechanical properties in 3D printing using AI techniques.

8. AI-based design and geometry optimization for 3D printing

AI-driven design and geometry optimization are revolutionary de
velopments in several sectors as by harnessing the capabilities of AI, 
engineers can explore unprecedented levels of creativity and efficiency. 
AI-driven generative design facilitates the rapid generation of a wide 
range of design possibilities while taking into account complex param
eters and constraints [148]. This iterative technique, often used in to
pology optimization, improves geometries to attain optimum 
performance, including structural integrity and weight reduction [149]. 
Recent reports reveal a substantial reduction in design iteration time by 
30–50 % when utilizing AI-based generative design compared to tradi
tional methods. Additionally, it showcases a remarkable 10–50 % 
reduction in part weight and 6–20 % decrease in manufacturing costs, 
highlighting the economic benefits of AI-driven geometry optimization 
[150,151]. Moreover, AI facilitates automated simulations and testing, 
reducing reliance on physical prototypes [152].

Sangeun et al. [153] explored the application of AI, specifically 
generative models like VAEs and GANs, in optimizing engineering 
design. Their study introduced a framework considering both engi
neering performance and aesthetics, using Boundary Equilibrium GANs 
(BEGANs) for robust visual quality. Global convergence was assessed by 
determining the reconstruction that minimized the absolute value of the 
proportional control algorithm error as image diversity increased. The 
study utilized an autoencoder to assess design novelty and proposed a 
regression model for data-insufficient cases, focusing on a 2D design 
space with pixel-wise images to develop a recommendation system for 
suitable designs. Yao et al. [154] introduced a hybrid ML algorithm for 
recommending design features for the 3D printing of conceptual designs. 
The approach involves encoding 3D printing design features and target 
components, conducting hierarchical clustering, establishing a support 
vector machine (SVM) classifier, and implementing an SVM-based pro
gressive dendrogram cutting algorithm. The study applied this meth
odology to four components: the suspension arm, bumper, driveshaft 

Fig. 6. (a) Pearson Correlation Heatmap illustrating the relationship between 
process parameters and tensile strength and comparison of Actual versus Pre
dicted Tensile Strength using Various ML Algorithms: (b) Linear Regression, (c) 
RF Regression, (d) AdaBoost Regression, (e) Gradient Boost Regression, and (f) 
XG Boost Regression. Adapted from [144], MDPI open access Creative Common 
CC BY licence.
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Table 1 
Overview of recent work focusing on predictive modeling to enhance mechanical properties in 3D printing through the application of AI; LT: Layer Thickness, LH: 
Layer Height NT: Nozzle Temperature, BT: Bed Temperature, PS: Printing Speed, RA: Raster Angle, IP: Infill Pattern, BO: build orientation, ID: Infill Density, ND: 
Nozzle Diameter, ST: Shell Thickness.

Study Objective Methodology Model architecture Parameters 
examined

Optimal parameters Key findings

[136] Tensile strength 
optimization

ANN 2 hidden layers (10 neurons in 
layer 1, 3 neurons in layer 2)

LT, NT, PS, RA 
and IP

LT: 0.2 mm, NT: 210 ◦C, 
PS: 50 mm/min, Grid IP 
and RA as 0◦

• RA impact: Strength decreases 
with angle increase; higher 
strength with aligned fibers

• IP influence: Grid > rectilinear 
> full honeycomb in tensile 
strength

• PS effects: High PS reduces 
strength, compromises surface 
finish, and bonding

• LT variation: Strength increases 
with thicker layers

• NT dependency: <200 ◦C 
hampers bonding; >200 ◦C 
boosts tensile strength

[137] Tensile strength 
prediction

LM, SCG and BR 1 hidden layer LT, PS, NT, RA 
and number of 
perimeters

LT: 0.22 mm, PS: 45 
mm/s, NT: 205 ◦C, RA: 
70◦, and perimeter 
numbers: 4

• Tensile strength varied between 
37.34 MPa to 54.74 MPa

• ANN predictions exhibited a 
maximum error of 8.91 %, 
surpassing the 19.96 % error of 
the mathematical model

[138] Prediction of 
dimensional accuracy, 
surface roughness, and 
tensile strength

ANN 1 hidden layer (6 neurons, 
tangent sigmoid transfer 
function)

LT, NT, PS, BO 
and RA

Surface roughness: 0.1 
mm LT, 220 ◦C NT, 40 
mm/s PS, 0○ BO, and 
0○ RA; 
Tensile Strength: 0.1 
mm LT, 210 
◦C NT,80 mm/s PS, 90○ 

BO, and 45○ RA; 
Dimensional 
Accuracy: 
210 ◦C NT and 45○ RA

• Combined ANN model, which 
simultaneously analyzes the 
relationship between five 
process parameters and three 
part attributes, exhibited 
exceptional performance, 
surpassing individual models in 
accuracy and predictive 
capability.

[139] Prediction of material 
model to simulate 
mechanical behavior of 
3D printed PLA

ANN with Adamax 
optimizer

Three hidden layers (8 nodes 
each), two configurations for 
horizontal and vertical 
orientation tensile strength

PS, NT and BO NT: 195 ◦C, PS 45 mm/s 
and horizontal 
orientation

• Achieved 93 % accuracy in 
predicting mechanical 
characteristics

• Demonstrated the effectiveness 
of ANN in accurately predicting 
and simulating mechanical 
behavior in 3D printing 
processes.

[141] Optimize PLA printed 
part production for 
toughness, thickness, 
and cost

ANN and ANN-GA 
techniques

1 hidden layer with 6 nodes LT, ID and NT LT: 0.28 mm, ID: 34 %, 
and NT: 222 ◦C

• Hybrid ANN-GA method out
performed single ANN model for 
all three outputs.

• Enhanced toughness in 
optimized specimen was due to 
increased ductility, not strength.

• LT and ID interaction identified 
as key parameter influencing 
printed part thickness.

[142] Prediction of tensile 
strength, material 
consumption, build 
time and surface 
roughness

ANN with 
feedforward 
backpropagation 
(FFBP) algorithm

2 hidden layers with 10 
neurons each

ND, BO, ID, RA 
and LH

– • FFBP with sigmoid transfer 
function showed outstanding 
performance with R2 values for 
testing (0.99343), training 
(0.99366), and validation 
(0.99372)

• Highest tensile strength 
recorded at 57.633 MPa

• Lowest surface roughness 
measured was 1.71 μm

• Minimal build time achieved 
was 0.35 h

• Least material consumption 
observed was 7.8 g

[143] Optimization for 
maximum tensile force

ANN and CNN 1 hidden layer for ANN with 
20 neurons 
2 hidden layers with 20 
neurons each for CNN

LH, ST, top and 
bottom 
thickness, ID, 
PS, BT and NT

LH: 0.2 mm, ST: 1.2 
mm, top and bottom 
thickness: 2 mm, ID: 40 
%, PS: 70 mm/s, BT: 
215 ◦C and NT 220 ◦C

DL-based optimization surpassed 
traditional ANN methods: 
• 1.5 times faster
• Higher quality: learning 

accuracy of 0.9577, testing 
accuracy of 0.9721

• Reduced MSE to 0.001
[144] Prediction of tensile 

strength
Linear Regression, 
RF, AdaBoost, 

– NT, LH, ST, BO 
and LT

– • Superiority ranking of ML 
algorithms: XGBoost > gradient 

(continued on next page)
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and wheel, showcasing its efficacy in suggesting 3D printing design 
features for racing car components and reducing labor and time con
sumption for designers. In another study, Yao et al. [155] aimed to 
minimize cost increments resulting from adjustments in 3D printing 
process settings while maximizing flexibility in manipulating the 
printing process. They employed a multi-objective GA to address the 
optimization problem and developed a knowledge-based expert system 
to establish relationships between design constraints and printing pa
rameters. The expert system utilized a Mamdani-type fuzzy inference 
system with aim to identify the optimal combination of platform mod
ules and unique modules for maximizing customer-perceived utility. The 
proposed design methodology demonstrated improvements in both 
performance and cost savings, making it applicable to various 3D 
printing techniques.

Kumar et al. [156] optimize custom splint topology using 3D 
scanning-assisted parametric modeling, presenting it to AI in the ANSYS 
Workbench for design optimization. The thermal and mechanical 
properties of the desired project material were defined using the static 
structural module. The mesh generation process involved domain dis
cretization, load and support assignment, and a load cell sensor. Struc
tural responses, including induced stresses and deflection under applied 
load, were evaluated. The potential for design optimization was evalu
ated using the Topology Optimization (TO) module, which aimed to 
minimize compliance and maximize stiffness by removing excess ma
terial from the domain. Results were then validated in a standalone 
static structural module under defined supports and loads. The thermal 
simulation of topologically optimized orthosis replaced force with heat, 
stiffness with thermal conductivity, and displacement with temperature. 
The optimized splint topology allowed for 149.19 % more heat dissi
pation, aiding patient recovery and improving ventilation ease. The 
customized orthotic appliances, printed using FDM 3D printing, resulted 
in a 42.6 % lighter splint compared to the unoptimized version. Rade 
et al. [157] introduced a DL-based topology optimization method that 
significantly reduces computational time. The methodology involved 
training CNNs on low-resolution 3D geometries and transferring the 
learned weights to higher-resolution geometries using a Pyramid U-Net 
architecture. To handle memory-intensive high-resolution optimization, 
they integrated a data-parallel distributed training scheme on a GPU 
high-performance computing (HPC) cluster. Their approach applied 
multigrid techniques from solving partial differential equations (PDEs) 
to CNNs, smoothing errors on coarse meshes and gradually interpolating 

to finer ones. Their hybrid architecture, Multigrid Pyramid U-Net, 
included multiple U-Net modules with different pooling strides for 
improved feature learning. Data-parallel training divided data among 
devices and processed local mini-batches asynchronously, updating 
model parameters with a global gradient. The study employed a voxel 
printing approach to create print instructions. The multigrid framework 
converted predicted density values into binary occupancy values. They 
generated a 3D dataset with 31,093 nodes and 154,677 elements, 
originating from various cube topologies. The study assessed manufac
turability, successfully printing models with minimal artifacts, although 
some challenges arose, such as limited manufacturing constraints spe
cific to FDM 3D printing and nozzle diameter dictating voxel size. 
Rasulzade et al. [158] presents a CNN-based topology optimization 
method for 3D printing structures, aiming to reduce material usage 
while maintaining stiffness. The method uses the Messerschmitt-Böl
kow-Blohm (MBB) beam as an example, and ML methods to accelerate 
TO and reduce computational time. The proposed U-net model, which 
includes convolution, pooling, dropout, and up-sampling, was tested on 
synthetic data. The model achieved a maximum accuracy of 99 % for 
material distribution, with depths of 3 being better for faster results.

Saleh et al. [159] focus on enhancing the performance of 3D printed 
Triply Periodic Minimal Surface (TPMS) structures. They used two 
materials, PLA and carbon fiber-reinforced PLA (CFRPLA), to fabricate 
TPMS structures with different cell topologies (Diamond, Gyroid and 
Primitive) as well as sizes. Researchers considered factors like relative 
density (RD), cell size, and material composition to optimize mechanical 
properties. An ANFIS model was employed to predict TPMS structure 
performance in terms of energy absorption, peak load, and specific en
ergy absorption (SEA), enhancing prediction accuracy. The 
Diamond-based TPMS structure showed the highest compressive 
modulus, while Gyroid structures exhibited lower peaks. ANFIS models 
exhibited superior performance over mathematical models in predicting 
mechanical characteristics with reduced deviation. Desirability analysis 
helped identify optimal settings for cell size, topology, and carbon fiber 
incorporation to maximize TPMS lattice structure performance.

To illustrate the application of generative optimized design tech
niques, Pollák and Török [160] selected a plastic backrest from an office 
chair. Before scanning, a non-transparent coating was applied to the 
component, and chalk spray facilitated the recognition of the projected 
laser pattern. In Creo Parametric, the shape was converted into a para
metric volumetric model. Utilizing the Multibody Design function, a 

Table 1 (continued )

Study Objective Methodology Model architecture Parameters 
examined 

Optimal parameters Key findings

Gradient Boosting, 
XGBoost

boost > AdaBoost > RF > linear 
regression

[145] Prediction of tensile 
strength

ANN and Fuzzy Logic 1 hidden layer with 10 
neurons

ID, NT, and PS ID: 100 %, NT: 200 ◦C, 
and PS: 100 mm/s

• Fuzzy Logic and ANN models 
accurately predicted tensile 
strength with errors of 3.29 % 
and 2.21 %, respectively

• ID had the most significant 
impact on tensile strength, while 
NT and PS had minimal effects

[146] Prediction of tensile 
strength

RF, SVR and KNN – NT, PS and LH NT: 210 ◦C, PS: 70 mm/ 
s and LH: 100μm

• KNN demonstrated best 
performance with absolute 
errors on the test set less than 
2.50 %.

[147] Optimized printing 
parameters to enhance 
production efficiency 
and ensure desired 
interfacial performance

RF and ANN RF: 
Maximum tree depth of 4, a 
minimum leaf node sample 
requirement of 1, a minimum 
internal node split 
requirement of 2, and it 
consisted of 50 trees in the 
forest 
ANN: 
2 hidden layers with 3 
neurons each

Extrusion flow 
rate, NT, LT and 
PS

Extrusion flow rate: 90 
%, NT: 215 ◦C, LT: 0.35 
mm and PS: 450 mm/ 
min

• ANN demonstrated high 
prediction accuracy.

• Extrusion flow rate emerged as 
the most influential parameter 
on both Inter-Strength and Intra- 
Strength.

• PS had a relatively small effect 
compared to the extrusion flow 
rate.
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single body could be divided into multiple parts in one session, with the 
ability to assign distinct parameters to each part. After configuring the 
necessary parameters, the simulation revealed the consumption of 284 
m of 1.75 mm diameter material, equivalent to 19 h of the 3D printing 
process. An ANN-based predictive model was developed to forecast the 
mechanical characteristics of 3D-printed PLA by Grozav et al. [139]. The 
neural network was trained on data from 48 test samples produced 
through FDM with different parameter combinations. The predicted 
mechanical properties were then employed to establish an orthotropic 
material profile for finite element analysis. The study’s results demon
strated a strong correlation between process parameters and tensile 
strength, with the trained neural network achieving a prediction accu
racy of 93 %. Finite element analysis further confirmed the orthotropic 
behavior of the material and validated the predicted mechanical char
acteristics. Fouly et al. [124] explore the potential of using 3D-printed 
PLA-DP (Polylactic Acid - Date Pit) composites for orthotic applica
tions. The study aimed to determine the maximum load-carrying ca
pacity of both treated and untreated PLA-DP composites through FEA 
and ANN. The model utilized for training was ANFIS comprising five 
layers: fuzzification, product, normalization, and output layers. Results 
indicated that the incorporation of date pit particles in PLA filament 
reduced flexibility, enhancing mechanical properties. After 5 h of heat 
treatment, the modulus of elasticity and strength of PLA-DP composites 
increased by 2.7 % and 25.7 %, respectively. The ANFIS model accu
rately predicted the mechanical properties of PLA-DP composites, with 
negligible average percentage errors of 9.88x10− 3 % for hardness, 0.18 
% for modulus of elasticity, and 0.08 % for strength.

The use of AI in design and geometry optimization has been highly 
effective across various industries, providing engineers with enhanced 
creativity and productivity. In particular, AI has significantly improved 
generative design, especially in topology optimization, leading to a 
substantial reduction in design iteration time by 30–50 %. This has 
demonstrated economic advantages, including a 10–50 % reduction in 
part weight and a 6–20 % decrease in manufacturing costs when 
compared to conventional methods. Furthermore, AI facilitates auto
mated simulation and testing, reducing reliance on physical models. 
These studies have explored the use of various AI techniques, such as 
variational autoencoders, GANs, and ML algorithms, in optimizing en
gineering designs, offering frameworks that consider both engineering 
performance and aesthetics. Hybrid ML algorithms have been proposed 
for 3D printing design feature recommendations, and multi-objective 
GAs have been employed for 3D printing process optimization. The 
optimization of custom splints using AI has demonstrated significant 
improvements in heat dissipation, patient recovery, and a 42.6 % 
reduction in splint weight through FDM 3D printing. DL-based topology 
optimization methods have been introduced to reduce computational 
time in 3D printing structures, employing CNNs and multigrid tech
niques. Additionally, studies focus on enhancing the performance of 3D 
printed structures, such as TPMS structures, using ANFIS for predicting 
mechanical properties. The application of generative design techniques 
has been demonstrated in the design of a plastic backrest for an office 
chair. Furthermore, predictive models based on ANNs have been 
developed to forecast the mechanical characteristics of 3D-printed ma
terials, showcasing strong correlations between process parameters and 
tensile strength. The inclusion of date pit particles in PLA filament for 
orthotic applications has been explored, with the ANFIS model accu
rately predicting mechanical properties, indicating improvements in 
flexibility and strength with heat treatment. Table 2 offers a succinct 
summary of various studies focusing on AI-based design and geometry 
optimization for 3D printing, outlining the methodology, algorithms 
employed, and the corresponding performance metrics assessed in each 
study. These studies demonstrate the significant impact of AI-driven 
design and optimization techniques on a wide range of engineering 
applications, including product design, manufacturing, healthcare, and 
orthotics.

Table 2 
Summary of studies focusing on AI-based design and geometry optimization for 
3D printing, outlining the methodology, algorithms employed, and performance 
metrics.

Study Focus area Methodology Performance metrics/ 
key findings

Sangeun 
et al. 
[153]

Design 
optimization

Developed a 
framework 
integrating 
generative models 
(variational 
autoencoders, GANs 
- BEGANs) 
considering both 
engineering 
performance and 
aesthetics.

• Global 
convergence 
measured via the 
closest 
reconstruction 
with minimum 
absolute value of 
proportional 
control algorithm 
error as image 
diversity increased

• Design novelty 
evaluated using an 
autoencoder

Yao et al. 
[154]

Design feature 
recommendation

Utilized a hybrid 
ML algorithm for 
recommending 
design features in 
3D printing. The 
process involved 
coding AM design 
features, 
hierarchical 
clustering, SVM 
classifier, and an 
SVM-based 
progressive 
dendrogram cutting 
algorithm

​

Yao et al. 
[155]

Platform design 
methodology

Utilized GA to 
optimize 3D 
printing process 
settings. Developed 
a knowledge-based 
expert system to 
map relationships 
between 3D 
printing process 
settings and product 
platform design 
constraints, 
incorporating a 
Mamdani-type 
fuzzy inference 
system.

• Minimized cost 
increments caused 
by 3D printing 
process setting 
adjustments

• Maximized 
freedom in 
manipulating the 
printing process

• Formulated a 
platform variant 
design 
optimization 
problem

• Achieved 
performance 
improvements and 
cost savings

Kumar 
et al. 
[156]

Topology 
optimization

Used 3D scanning- 
assisted parametric 
modeling and 
ANSYS Workbench 
for custom splint 
topology 
optimization. 
Integrated static 
structural and 
thermal modules for 
comprehensive 
analysis.

• Achieved topology 
optimization of 
custom splints

• Enhanced heat 
dissipation 
capabilities

• Reduction in 
weight

Rade et al. 
[157]

Topology 
optimization

Introduced a 
topology 
optimization 
method utilizing 
CNN with a 
Pyramid U-Net 
architecture. 
Integrated 
multigrid 
techniques for 
enhanced 
efficiency.

• Successfully 
predicted final 
shapes compared 
to the SIMP 
method.

(continued on next page)
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9. Quality control and defect detection in 3D printing using AI

Quality control and defect detection in 3D printing have witnessed 
significant advancements with the incorporation of AI. AI-driven algo
rithms enhance the accuracy of defect detection in 3D-printed objects, 
achieving a detection rate of over 80 % [161]. AI systems, particularly 
ML models, are trained on extensive datasets of 3D-printed objects to 
identify deviations from design specifications and recognize common 
printing defects such as layer misalignments, voids, or irregularities 
[162,163]. The real-time monitoring capabilities of AI in 3D printing 
ensures that defects are identified during the printing process, mini
mizing material waste and saving time [164,165]. This is important, 
especially in industries such as aerospace and healthcare, where preci
sion is paramount. The integration of AI into 3D printing quality control 
not only enhances the overall efficiency of the 3D printing process but 
also contributes to the production of high-quality, defect-free compo
nents. As the 3D printing industry continues to expand, AI’s role in 
ensuring the reliability and quality of printed objects is becoming 
increasingly indispensable.

Paraskevoudis [166] presented a methodology for identifying de
fects in 3D printing using AI-based Computer Vision. This technique 

offers the capability to halt the printing process or adjust parameters to 
address identified defects. The study involved gathering images of 
defective 3D printed objects and employing various data augmentation 
methods. A final dataset comprising 2500 images was prepared. Anno
tation of these images was performed using LabelImg annotation tools, 
resulting in XML files following the Pascal Visual Object Classes 
(PASCAL VOC) format for each training image. The Single Shot Detector 
was selected due to its ability to detect single shots at high frame rates 
while maintaining low input resolution. The model consisted of two 
phases: a feed-forward CNN and a fully connected layer. The VGG16 
CNN served as the base network, boasting a 92.7 % test accuracy in 
ImageNet. Training of the Processes Deep Neural Network utilized the 
TensorFlow API, with computational power provided by a NVIDIA Tesla 
K80 GPU featuring 2496 CUDA cores and 12GB of GDDR5 VRAM. 
Evaluation of detection results employed the Intersection over Union 
(IoU) metric, quantifying the overlap between bounding boxes and 
facilitating the calculation of True Positives, False Positives, or False 
Negatives from a test set. At an IoU of 0.4, the trained model achieved a 
Precision of 0.44 and Recall of 0.69, while at an IoU of 0.5, Precision was 
0.41 and Recall was 0.63. For an IoU of 0.6, Precision stood at 0.4 with 
Recall at 0.62. The F1-Score for an IoU threshold of 0.4 was 0.55. Sub
sequently, the model was deployed in a live 3D printing environment, 
with a Raspberry Pi 4 microprocessor situated in front of the printing 
bed, supported by a wrapper algorithm to interpret predictions and 
probability scores.

To investigate how printing parameters affect dimensional accuracy 
across various geometries like cylindrical shafts, holes, and rectangular 
slots, Sharma et al. [167] employed the decision tree (DT) to predict 
dimensional variations, achieving an R2 score of 0.67, indicating its 
efficacy. Using the RSM on Design Expert Software, they designed the 
sample space, generating runs with different print parameter combina
tions for both ABS and PLA materials. The model’s evaluation with 
training set proportions of 50 % and 80 % resulted in R2 scores of 0.64 
and 0.67, respectively, demonstrating its ability to capture 67 % of in
dependent variable variation and their impact on dependent variables. 
Notably, the model exhibited satisfactory accuracy across both test-train 
split configurations. Analysis of data revealed that while the outer 
diameter of shafts displayed minimal deviation, the inner diameter 
showed the highest deviation, possibly due to slower cooling rates inside 
the shafts, leading to increased material flowability. Additionally, sig
nificant dimensional variations were observed in holes and rectangular 
slots.

Westphal et al. [168] explored the utilization of advanced ML al
gorithms for categorizing environmental sensor data in FDM processes. 
They identified the XceptionTime architecture as the most effective 
model, achieving a minimum accuracy of 95 %. The study involved 
analyzing various sensor parameters like temperature, humidity, air 
pressure, and gas particle resistance during 3D printing. Fig. 7 (a) il
lustrates the procedural flow from sensor data input to classification 
results. Supervised learning utilized two datasets: balanced and unbal
anced. The research covered data preprocessing, hyperparameter tun
ing, and model evaluation. Fig. 7 (b) showcased results for one 
component under different 3D printing conditions, comparing quality 
with optical 3D scans for three components in each class. The Xcep
tionTime model emerged as the top performer, offering potential for 
real-time evaluation in FDM manufacturing for quality assurance and 
process monitoring, with future prospects for automation and 
self-optimization. Kadam et al. [169] introduced a computer vision 
system, driven by ML, to monitor and improve 3D printing process 
quality. Utilizing layer-wise image capture, the system detects defects 
and predicts potential failures early in the process. The methodology 
focused on monitoring each layer of printed components, primarily 
using PLA as the printing material. Feature extraction and anomaly 
detection were performed using MATLAB, incorporating advanced al
gorithms like KNN, SVM, Naive Bayes, DT, and RF for classification. 
Ensemble learning techniques were applied to improve model efficiency 

Table 2 (continued )

Study Focus area Methodology Performance metrics/ 
key findings

Rasulzade 
et al. 
[158]

​ Implemented a CNN 
based topology 
optimization 
approach for 3D 
printing structures, 
with the 
Messerschmitt- 
Bölkow-Blohm 
(MBB) beam as a 
demonstration.

• Aimed to reduce 
material usage 
while maintaining 
stiffness in 3D 
printing structures

• Achieved a 
maximum 
accuracy of 99 % 
for material 
distribution

Saleh et al. 
[159]

Optimization of 3D 
printed TPMS 
structures

Focused on 
improving the 
performance of 3D 
printed TPMS 
structures using 
PLA and CFRPLA, 
utilizing an ANFIS 
model for 
performance 
prediction

• Enhanced TPMS 
structure 
performance 
through material 
and design 
optimization

• Used ANFIS for 
accurate prediction 
of mechanical 
characteristics.

Pollák 
et al. 
[160]

Generative 
optimized design

Applied generative 
optimized design 
techniques to a 
plastic backrest for 
an office chair, 
leveraging 3D 
scanning, 
VXelements 6, and 
Creo Parametric 7.0 
for modeling and 
simulation, and 
developed an ANN 
based predictive 
model for material 
consumption.

• Demonstrated the 
application of 
generative 
optimized design 
techniques to 
reduce material 
consumption in 3D 
printing.

Fouly et al. 
[124]

PLA-DP composites 
for orthotic 
applications using 
FEA and ANN

Explored 3D- 
printed PLA-DP 
composites for 
orthotic 
applications, 
assessing 
mechanical 
properties using 
FEA and ANN, and 
incorporated an 
ANFIS model 
combining ANN 
with fuzzy logic.

• Reduced flexibility 
of PLA chains in 
PLA-DP compos
ites, improving 
mechanical 
properties.

• Accurately 
predicted 
mechanical 
properties using 
the ANFIS model.
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Fig. 7. (a) Basic process flow of ML analyses with FDM environmental sensor data, (b) Quality comparison of 3D printed parts using an optical 3D light scanner. 
Color-coded dimensional deviations, associated with numerical values, highlight differences between specified CAD reference data and generated part geometries. 
Notably, ’defect_05′ exhibits significant deviations and incomplete 3D scan coverage, distinguishing it from other printing conditions. Color Code: Yellow and green 
signify minimal deviations, blue indicates larger negative differences, and red represents maximum positive area differences. Adapted with permission from [168], 
Copyright 2021 Elsevier.

Fig. 8. (a) Ensemble learning approach; (b) Experimental setup; and (c) Real-time detection results: (c1-c3) Output for input images identified as bad layers; (c4-c6) 
Output for input images identified as good layers. Adapted from [169], MDPI open access Creative Common CC BY licence.
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and accuracy, as depicted in the flowchart in Fig. 8 (a). The evaluation 
process involved manual image capture and labeling to create datasets 
comprising defective and non-defective layers in the printing process. 
The experimental setup utilized an 8MP Raspberry Pi camera, layer-wise 
image capture, and a dataset consisting of 1700 images with varying 
process parameters (Fig. 8 (b)). The results indicated that the combi
nation of AlexNet and the SVM algorithm achieved the highest accuracy 
with minimal computational time. The pre-trained model algorithm 
accurately distinguished between defective and non-defective layers, 
classifying them as "bad" and "good," respectively. Fig. 8 (c) illustrates 
the model’s response to the input layer image, where images (c1–c3) 
represent a positive response for the non-defective layer, while images 
(c4–c6) depict a response indicative of a defective layer, labeled as 
"bad".

Scheffel et al. [170] emphasized the importance of environmental 
sensor parameters, such as temperature, humidity, air pressure, and gas 
particle resistance, in the monitoring and classification process. They 
employed an ensemble of ML algorithms, including KNN, SVM, Naive 
Bayes, DT, and RF, to analyze sensor data and classify printing condi
tions. Notably, the study compared various ML architectures, high
lighting InceptionTime, XceptionTime, and XCM as state-of-the-art DL 
models well-suited for this task due to their resilience against over
fitting. The study revealed that air pressure played a significant role in 
ML analyses, followed by humidity, temperature, and gas particles. 
Despite the challenges of overfitting, particularly in the absence of air 
pressure data, the ML algorithms performed well. In this context, the 
XceptionTime model emerged as a dependable choice for real-time 
evaluation of FDM manufacturing data. Delli et al. [171] developed 
Python code to detect both completion failure defects and geometrical or 
structural defects in 3D printed material. The experimental setup 
involved a 3D printer, a camera, and a code to automate real-time 
monitoring of the printing process. Image processing was performed 
by dividing each image into 16 identical sections in a 4 × 4 matrix, and 
the average RGB values of all pixels were calculated for each section. If 
the experimental error value of at least four sections is > 10 %, an alert is 
generated to detect potential errors or defects. Empirical testing using a 
3D model of DNA revealed that this method successfully detected both 
completion failure defects and structural or geometrical defects during 
the printing process, with an accuracy rate of 93 %. Straub [172] 
introduced a system that employs visible light imaging to identify 
incorrect material usage in 3D printers, with a specific focus on its 
applicability in large-scale manufacturing facilities. The study presented 
experimental findings involving various filament types and examined 
the incorporation of material discrimination identification into quality 
assurance procedures. It underscored the significance of digital inspec
tion and highlighted security implications, particularly in the context of 
large-scale manufacturing where cyber-attacks or physical filament 
substitution are potential concerns.

Nascimento et al. [173] introduced a novel methodology for quality 
assessment of material extrusion parts using AI-based Computer Vision, 
primarily focusing on parts produced through FDM. The proposed 
automatic inspection system comprises four main stages: pre-processing, 
color analysis (utilizing the Otsu method for color thresholding), shape 
analysis (employing Hu moments for defect identification), and defect 
location (via morphological operations and blob detection). The system 
was designed for post-print analysis, making it cost-effective for 
mass-production setups with multiple 3D printers. Testing on 52 sur
faces yielded promising results with an accuracy of 82.1 % and the po
tential for material recycling for rejected parts, enhancing both quality 
assurance and sustainability in 3D printing processes. Lyu and Man
oochehri [174] presented an online laser-based process monitoring and 
closed-loop control system aimed at ensuring the geometric accuracy 
and in-plane surface quality of 3D printed parts in real-time. The system 
utilized point clouds for monitoring and adjusted extruder temperature 
and feed rate based on CNN classification results of the upper surface. 
The concept of online quality control was introduced as vital for 

maintaining the quality of 3D printed parts. The system employed a 3D 
laser scanner to monitor geometric accuracy and in-plane surface 
quality, pre-processing techniques to clean and prepare raw data, and a 
PID-based closed-loop control method to rectify deviations during the 
FFF process. In-plane surface anomalies were effectively identified and 
addressed through transfer learning and the VGG16 CNN architecture. 
The system’s effectiveness was demonstrated through experiments on a 
Creality Ender 5 FFF machine, showcasing its potential applicability in 
other AM systems and quality assurance scenarios, including bio
printing. The proposed system’s accuracy and ability to reduce process 
variability highlighted its significance in advancing AM quality control. 
Chen et al. [175] introduced a novel in-situ point cloud processing 
method designed for Directed Energy Deposition (DED) in 3D printing. 
The method was developed to enable automatic surface monitoring 
without sensor intermittence, achieving a high surface defect identifi
cation accuracy of 93.15 %. Based on the Laser-Aided Additive 
Manufacturing (LAAM) system, which utilized a high-power laser to 
melt metallic powders as they were deposited, the LAAM system 
comprised various components, including a robot, laser head, laser 
source, powder feeder, and laser profiler. The sensor was mounted on 
the robot’s axis and communicated with the controller to calculate the 
distance between the sensor and the target surface. The captured 2D 
profile data was transformed into 3D point clouds. Controlled by a 
central computer running Linux OS, the system used robot operating 
system (ROS) for communication between different nodes, including the 
robot driver, sensor capturing, point cloud transformation, point cloud 
processing, and visualization nodes. The point cloud processing node 
employed a subprocess strategy to enable parallel programs for in-situ 
point cloud processing without sensor interruptions, applying various 
filtering and segmentation techniques to isolate the targeted surface and 
performed surface defect identification using machine learning. The 
study focused on identifying surface defects in additively manufactured 
parts using unsupervised and supervised machine learning techniques. 
Four classes of surface defects were considered: no defect, bulge defect, 
dent defect, and wavy defect. The DBSCAN clustering algorithm was 
used to find clusters of points representing defective or defect-free re
gions. Eight different classification algorithms were trained and 
compared for their accuracy in surface defect identification. The chosen 
classifier was used for defect identification in real-time, ensuring 
continuous surface monitoring without sensor interruptions. Sarabi 
et al. [176] explored the use of microneedles (MNs) as a novel injection 
alternative to conventional needles. They created a comprehensive data 
library consisting of ten different MN designs, each subjected to various 
etching exposure doses. ML models were trained using this dataset to 
extract similarity metrics, enabling the prediction of new fabrication 
outcomes for MNAs (Microneedle Arrays). The MNAs were fabricated 
using FDM with PLA and subsequently etched with potassium hydroxide 
(KOH) solution to improve their geometrical features. Image-based 
classification and defect detection were performed using DL models, 
which demonstrated high accuracy. ML was employed to extract simi
larity indices between the designed MNAs and the fabricated ones. 
Furthermore, a graphical user interface (GUI) was developed to predict 
MNAs’ quality based on geometric and etching features, streamlining 
the quality control process. The study also assessed the MNAs’ skin 
penetration capability and their potential for drug delivery using 
porcine skin as an ex vivo model. Charalampous et al. [177] presented a 
vision-based real-time monitoring system for 3D printing, aiming to 
detect dimensional errors during printing. By comparing high-resolution 
point cloud data of the printed part with the digital 3D model, computer 
vision algorithms are employed to ensure the quality of the printed part. 
The system utilizes a high-resolution structural light 3D scanner, a 
commercial FDM 3D printer, and a Raspberry Pi for real-time moni
toring. It involves the development of software tools for point cloud 
processing, background noise filtering, and build plate segmentation. 
The system’s effectiveness was validated using a functional engineering 
part, demonstrating its capability to detect and quantify dimensional 
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deviations in the printed object, with MAE of 0.223 and RMSE of 0.331. 
This approach offers a promising solution for automated and in-situ 
quality assurance in 3D printing processes.

Kumar et al. [178] introduced a layer-wise approach for fault 
detection in 3D printing. To address the diversity in characteristics and 
structures of printed objects, SVM classifiers capable of handling both 
linear and non-linear functions were employed. The methodology 
involved capturing layer-wise photographs of the printing component 
and processing them using MATLAB for feature extraction and anomaly 
detection. The printing ink was made from PLA. Ensemble learning was 
utilized to enhance model consistency and predictive abilities. Images of 
both faulty and non-defective layers were collected for dataset creation, 
and variables like temperature, printing speed, and density were 
adjusted during printing. The study achieved an overall accuracy of over 
96 % using various pre-trained models and techniques, with a hybrid of 
Alexnet and SVM chosen for real-time monitoring. Rachmawati et al. 
[179] developed a digital twin (DT) for Industry 4.0, enabling real-time 
workspace monitoring with FDM 3D printer sensor data. They created a 
lightweight CNN for fault classification in FDM 3D printers, satisfying 
edge device criteria. Their system involved data collection, preprocess
ing, and DL model development. The DL model had three Conv1D layers, 
MaxPooling, merging, and two dense layers, accepting three inputs with 
six features and producing one output. The DT replicated physical ob
jects, improving AM operations by monitoring and providing feedback 
on faults, reducing filament waste. The system architecture included 3D 
printers, edge nodes, DT servers, and DT platforms. They collected and 
labeled sensor data from 3D printers and assessed performance using 
TensorFlow and Unity Engine, evaluating classification accuracy, clas
sification loss, F1-Score, model complexity, training time, memory 
usage, latency, and system overhead. Simulation results showed CNN 
and Bi-LSTM (Bidirectional Long Short Term Memory) achieved high 
accuracy, followed by CNN, CLSTM (CNN-LSTM), Concatenate 
CNN-LSTM, and LSTM. CNN had the lowest loss. CNN also had the 
lowest model complexity, FLOPs, algorithm file size, latency, and system 
overhead, making it suitable for real-time workplace monitoring and 
control. Kumar et al. [180] introduced four ML algorithms to identify 
anomalies in a 3D printer and assessed their performance. They applied 
One-Class SVM for novelty detection, adjusting parameters nu and 
gamma through trial and error for optimal results. The Local Outlier 
Factor (LOF) algorithm determined outliers by assessing local density 
deviation, achieving an accuracy of 54.79 % on pre-processed acceler
ometer data. Similarly, the SVM algorithm underwent training, testing, 
and validation, yielding accuracies of 89.27 %, 97.60 %, and 97.21 % 
respectively. For time-series anomaly detection, the Long Short-Term 
Memory (LSTM) algorithm was utilized. The supervised LSTM model 
demonstrated an overall accuracy of 97.17 %, surpassing other super
vised and unsupervised methods, suggesting its potential for ensuring 
error-free 3D printing.

The combination of AI-driven methodologies and 3D printing pro
cesses shows great potential for improving quality control and identi
fying defects in printed products. From computer vision systems to 
machine learning algorithms, these approaches showcase impressive 
accuracy rates and effectiveness in various aspects of quality assessment. 
Various studies demonstrate effective detection of defects, accurate 
prediction of dimensional variations, and continuous monitoring of 
environmental sensor data in FDM processes. Furthermore, the impor
tance of continuous quality assurance in 3D printing is underscored by 
the development of real-time monitoring systems. These advancements 
can greatly improve efficiency, sustainability, and scalability in 3D 
printing industries, while also streamlining manufacturing processes. 
Due to the continuous progress in AI technologies and their smooth 
integration with 3D printing workflows, more enhancements and auto
mation in quality control processes can be expected. This will improve 
the acceptance and practicality of 3D printing methods across various 
industries. Table 3 offers a comprehensive summary of the methodol
ogy, algorithms, evaluation metrics, and deployment strategies used in 

different studies that concentrate on quality control and defect detection 
in 3D printing with AI technologies.

10. Environmental impact assessment

The manufacturing sector plays an important role in global economic 
development, but it is also confronted with negative environmental 
impacts. In order to address these challenges, manufacturers are 
adopting energy-efficient technologies to reduce their carbon footprint 
and improve energy efficiency. ML can contribute to improving energy 
efficiency and provide decision support for sustainable manufacturing. 
Characterization of manufacturing stages is useful for understanding 
energy consumption, which can help practitioners improve energy and 
time inefficiencies. Industry 4.0 technologies such as low-cost IoT sen
sors, AI, data analytics, information and communication technology and 
cloud services have enabled affordable and effective energy monitoring 
systems. Data analytics is enabled using ML models that use data and 
algorithms to reveal untapped insights and provide decision support for 
better production, environmental performance, significant savings, and 
operational opportunities. Kumar et al. [181] proposed an algorithm 
that identifies value-added energy (printing stage), non-value-added 
energy (standby stage), and non-value-added but necessary energy 
(pre-heating stage) in the FDM process and provides users with data to 
take corrective measures. The experimental setup includes a 3D printer 
integrated with Octoprint, an open-source 3D printer controller appli
cation, and a Beckhoff system module. To obtain the required training 
data, nine sets of experiments were performed for each filament mate
rial. The developed ML model contains a layer of 100 nodes, a dense 
output layer of three nodes, an optimizer, and a loss function that is 
trained using experimental data. The LSTM model was fitted with the 
training dataset and trained for 30 epochs, resulting in a validation ac
curacy of 98.2 %. The model correctly classified 2561 points out of 2639 
points for PLA, 5959 points out of 6301 points for ABS, and 99.76 % for 
PETG. Estimation of energy consumption using Simpson’s rule yielded 
valuable insights into patterns of energy usage during the printing 
process. For example, the energy consumption prediction error for PLA 
material ranged from 5.51 % to 11.31 %, whereas for ABS material, it 
varied from 8.11 % to 18.88 %. The PETG material had a notably higher 
prediction error in the preheating stage (9.37 %), which may be due to 
data point misclassification in the preheating and printing stages. This 
improvement in energy monitoring and characterization has significant 
potential for sustainable manufacturing practices, which contributes to 
reducing the environmental impact and increasing the efficiency of 
manufacturing. El idrissi et al. [182] aimed to predict energy con
sumption and FDM printing time using a neural network. The study 
utilized the r3DiM dataset collected using standard hardware compo
nents and sensors. Various machine learning algorithms, including MLP, 
EXtreme Gradient Boosting (XGBoost), RF, and SVM, were employed 
and statistically compared to determine the best-performing model. The 
MLP-based model demonstrated superior performance, outperforming 
other models. A total of 156 neural networks were developed using the 
Keras library with twelve inputs and two outputs. Different activation 
functions were explored to optimize model performance, with the sig
moid function yielding the best results. Successful training was achieved 
with minimal MSE at epoch 1523. The results indicated the effectiveness 
of the proposed model in predicting energy consumption and printing 
time, optimizing costs.

Rojel et al. [183] focused on designing a lightweight and ergonomic 
3D printed elbow exoskeleton using PLA filament. They employed ANN 
to explore and predict relationships between datasets, particularly 
non-linear relationships that were difficult to capture using traditional 
analysis methods. A network with 438 neurons was used to optimize 
printing parameters. The study utilized external and internal concepts to 
achieve maximum flexion of the elbow. The external concept focused on 
the elbow movement, while the internal concept considered the move
ment of the wrist as well. The models were simplified and met specific 
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Table 3 
Overview of the methodology, algorithms, evaluation metrics, and deployment strategies pertaining to quality control and defect detection in 3D printing utilizing AI.

Study Methodology Model/algorithm Evaluation metrics Deployment Results

[166] Used Single Shot Detector with 
VGG16 CNN. Evaluated using 
Intersection over Union (IoU).

Single Shot 
Detector with 
VGG16 CNN

Precision, Recall, F1- 
Score, IoU

Deployed on a live 3D printing 
environment with Raspberry Pi 4 
microprocessor

• Precision (0.44), Recall (0.69) at IoU 
0.4, Precision (0.41), Recall (0.63) 
at IoU 0.5

• Precision (0.4), Recall (0.62) at IoU 
0.6, F1-Score (0.55) at IoU 0.4

[167] Used DT to study effect of printing 
parameters on dimensional 
accuracy

DT R2 Scores The model was implemented on a 
webpage hosted on a local 
computer using Flask

• Model evaluation at different 
training set proportions (50 % and 
80 %) yielded R2 scores of 0.64 and 
0.67, respectively

• Model’s capable to comprehend 67 
% of the variation in independent 
variables

[168] Employed XceptionTime in ML 
based approach for effective quality 
assurance using environmental 
sensor data

MLP, 1D CNN, 
RNN LSTM, 
Inception time, 
Xception time and 
XCM

Accuracy, Macro Average 
Precision, Macro Average 
Recall and Macro F1- 
Score

In the deployment phase, 
environmental sensor data, 
including air pressure, 
temperature, gas particles and 
humidity was collected during 
printing. A novel data preparation 
method was introduced, and 
various ML algorithms, with a focus 
on XceptionTime, were employed 
for analysis and modeling.

• XceptionTime architecture 
outperformed other ML algorithms

• Achieved over 95 % accuracy for 
both small and large databases

• Maintained Macro F1-Scores above 
89 %, indicating robust classifica
tion across 3D printing conditions

[169] Proposed a computer vision system 
for monitoring and enhancing 3D 
printed part quality. Used layer- 
wise image capture, ML algorithms, 
and ensemble learning. Evaluated 
with accuracy.

SVM, KNN, RF, DT 
and Naive Bayes

Accuracy Real-time monitoring deployed 
AlexNet and SVM for efficient 
defect detection during printing. 
Capturing layer-wise images, the 
model responds with "good" or 
"bad," allowing continuous 
improvement for enhanced 
performance.

• AlexNet + SVM: 99.70 % accuracy, 
AlexNet + K-NN: 99.40 %

• In ensemble learning, AlexNet 
outperformed EfficientNet by 
achieving an accuracy of 100 %, 
whereas EfficientNet-B0 achieved a 
slightly lower accuracy of 99.10 %.

• ResNet50 excelled in parameter- 
wise density classification, 
achieving a flawless accuracy of 100 
%

[170] IoT technologies are employed to 
acquire, verify, and securely store 
real-time data. CNN classifier was 
developed for online monitoring 
and fault detection.

CNN Accuracy, recall, and 
precision

Trained CNN analyzed frame data 
to detect defects in printed pieces 
by identifying patterns associated 
with previous defects

• CNN-based fault detection system 
achieves high accuracy and 
minimizes false positives/negatives

• Interrupts the printing process upon 
defect detection, reducing total 
printing time for defective pieces by 
around 50 %

[171] Combines a camera, image 
processing, and SVM for real-time 
quality assessment of 3D printed 
parts. Images at critical stages are 
classified as ’good’ or ’defective,’ 
preventing material and time 
wastage

SVM Experimental error A 3D DNA model, printed with ABS 
material, underwent quality checks 
at five checkpoints. Using scikit- 
learn, an SVM model predicted the 
part quality (’good’ or ’defective’) 
based on images captured during 
printing, enhancing fault detection 
in real-time.

• Detected both completion failure 
and structural/geometrical defects 
with high accuracy.

[173] Introduced a methodology for 
quality assessment of material 
extrusion parts using AI-based 
Computer Vision. Used four main 
stages: pre-processing, color 
analysis, shape analysis, and defect 
location.

AI-based Computer 
Vision

Sensitivity, precision, 
accuracy, and percentage 
of wrong classifications

Surface defects identified by 
filtering the gray image with a 
median filter, subtracting from the 
original, inverting, and binarizing. 
A mask applied for precise defect 
localization

• Method achieved 78.6 % sensitivity 
and 84.6 % accuracy in classifying 
defect-free surfaces

• Across 28 surfaces, attained 82.1 % 
accuracy

• Demonstrated orientation 
independence and suitability for 
various geometries but had a 17.9 % 
PWC, mainly due to reflections

• Suggested improvements include 
adjusting lighting conditions and 
dissimilarity values for different 
geometries

• Overall system evaluation resulted 
in an 86.5 % accuracy and 13.4 % 
PWC, with misclassifications in 
shape analysis attributed to lighting- 
induced reflections on surfaces

[174] Presented an online laser-based 
process monitoring and closed-loop 
control system for 3D printed parts. 
Utilized point clouds for 
monitoring and adjusted 
parameters based on CNN 
classification results.

CNN Accuracy 3D laser scanner captured point 
cloud data for part height and 
surface depth. CNN, based on 
VGG16, classified in-plane 
anomalies. Two PID-based closed- 
loop control systems reduced 
height deviation errors and 
corrected surface anomalies

• Model achieves 90.08 % overall 
anomaly classification accuracy

• Two PID-based closed-loop control 
systems implemented:

(a) Maintain 0.1 % height deviation
(b) Automatically correct anomalies by 
adjusting process parameters

(continued on next page)
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criteria for simulating upper limb movements and manufacturing exo
skeletons. The prototype of the exoskeleton differed from the concept 
version, with the large "wings" replaced by holders for mounting straps. 
The optimized ANN achieved better results and reduced waste in the 
printing process. The ANN, named MLP-142-102-8 using sigmoid neu
rons, achieved the best results after 1000 epochs. The model before 
optimization weighed 0.07474 kg, and after optimization, it weighed 
0.07268 kg. The waste weight decreased by 30.9531 times, allowing for 
one free print after every 6.67 prints.

The world is confronted with significant challenges such as climate 
change, biodiversity loss and resource scarcity, which can be addressed 
through sustainable practices. Live life cycle assessment (LCA) is a 
standardized methodology for identifying, assessing, and evaluating the 
potential environmental impacts of a product or process during its life 
cycle phases. The manufacturing sector accounts for a significant share 
of greenhouse gas emissions and there is an urgent need to develop more 
sustainable practices, methods and tools for the production of products 
with minimal impact on these issues. Kumar et al. [184] proposed a 
framework for the live life cycle assessment of 3D printed products using 
cyber-physical production systems. Live LCA was implemented using the 
CPPS approach to intertwine the physical and cyber worlds to provide 
real-time monitoring of environmental impacts. This system has been 
used to obtain legacy data for the Taguchi method analysis, which 
provides an optimal process setting to minimize environmental impacts. 
The GWP per unit print volume was obtained for nine trials using the 
Taguchi L-9 orthogonal array based on different combinations of 
printing parameters. The optimum setting of the printing parameters 
corresponds to Infill-10 %, layer height-0.2 mm, and scale 100 %, which 

significantly reduces the environmental impact. Rojek et al. [119] 
constructed two ANNs to assess electricity consumption and air pollu
tion. The results of the ANN1 model were linked to 3D printing tech
nology, allowing the evaluation and prediction of energy consumption 
for different types of 3D printers and related processes within Industry 
4.0. The ANN2 model was used to predict air pollution for different types 
of 3D printers and associated processes within Industry 4.0. The results 
confirm that CI-based solutions are useful for 3D printing sustainability, 
safety improvement, and environmental impact reduction.

The combination of ML and Industry 4.0 technologies into 
manufacturing processes signifies a significant change towards sus
tainable practices and improved energy efficiency. Manufacturers now 
use ML algorithms to improve energy efficiency, improve production 
efficiency, and reduce environmental impact. Through energy con
sumption analytics and real-time monitoring systems, practitioners can 
identify inefficiencies and take corrective actions to reduce waste and 
increase productivity. Research by Kumar et al. [178], El idrissi et al. 
[179], and Rojel et al. [116] demonstrate the effectiveness of ML models 
in accurately predicting energy consumption, optimizing printing de
signs, and reducing waste in a 3D printing process. Furthermore, the use 
of life cycle analysis (LCA) methods can lead to enhanced environmental 
monitoring and bolster sustainability throughout the product life cycle. 
By integrating the physical and digital realms in cybernetic physical 
manufacturing processes, manufacturers can achieve continuous envi
ronmental monitoring and optimization. This enables the adoption of 
sustainable manufacturing practices and reduces environmental impact. 
The combination of ML and Industry 4.0 technologies has tremendous 
potential to advance sustainability efforts, reduce greenhouse gas 

Table 3 (continued )

Study Methodology Model/algorithm Evaluation metrics Deployment Results

[177] Presented a vision-based real-time 
monitoring system for 3D printing. 
Utilized computer vision 
algorithms for dimensional error 
detection. Validated effectiveness 
with a functional engineering part.

Computer vision 
algorithms

Mean Absolute Error and 
Root Mean Square Error

The proposed vision-based method 
was validated on a complex 3D 
model, specifically a centrifugal 
impeller with varying sections

• Monitoring revealed decreased 
dimensional accuracy with 
increased geometric complexity

• MAE and RMSE metrics, measuring 
deviations, are 40 % higher 
compared to a simpler case (spur 
gear)

[178] Introduced a layer-wise approach 
for fault detection in 3D printing. 
Used SVM classifiers for diverse 
structures of printed objects. 
Employed ensemble learning for 
model consistency.

SVM classifiers 
with ensemble 
learning

Accuracy Utilized Raspberry Pi camera for 
image capture and Raspberry Pi 4B 
for processing (2.5 cm, 30 cm, 5 
mm). Over 1850 picture datasets 
created, noise removed. Parameter 
variations produced 32 unique 3D 
profiles.

• AlexNet and EfficientNetB0 model 
with SVM achieve highest accuracy 
at 99.34 %, followed by ResNet50 
and SVM with 99.84 %

• SVM consistently outperforms other 
methods across different pre-trained 
models, maintaining accuracy above 
96 % for all models

• Among individual models, AlexNet 
achieves perfect accuracy, and 
EfficientNet B0 follows closely at 
99.62 %

• Ensemble learning with GoogleNet 
shows the lowest accuracy at 97.62 
%

[179] Developed a digital twin for real- 
time workspace monitoring with 
FDM 3D printer sensor data. 
Created a Lightweight CNN for fault 
classification.

Lightweight CNN Classification accuracy 
and loss, F1-score, model 
complexity, memory 
usage, and latency and 
system overhead (SO)

Post-printing, data labeled by final 
product outcome (fault or normal). 
Dataset: 15,432 points from 11 
objects (5 fault, 6 normal). Split: 80 
% training, 20 % testing. Feature 
engineering handles irrelevant data 
normalized using StandardScaler(). 
Labels categorically encoded (0 for 
normal, 1 for error).

• CNN outperforms with an F1-Score 
of 0.9981 and reduces trainable pa
rameters by 18.40 %

• The proposed CNN demonstrates a 
45 % memory reduction for 3D 
printer fault detection based on 
FLOPs

• Latency and system overhead (SO) 
in the DT environment show a total 
latency of 995.4253 ms and SO of 
808.3983 ms

[180] Proposed four ML algorithms for 
anomaly detection in a 3D printer

One-class SVM, 
LOF, SVM and 
LSTM

Accuracy, recall, and 
precision

Experimental setup includes an 
MPU-6050 vibration sensor 
attached to the top beam of a 3D 
printer for fault detection. The 
sensor interfaces with a Raspberry 
Pi 4 via I2C, transmitting real-time 
raw vibration data for monitoring 
at a 5 Hz sampling rate.

• Supervised LSTM achieved 97.17 % 
accuracy, surpassing SVM, One- 
Class SVM, and LOF

• Unsupervised methods exhibited 
quicker anomaly detection during 
3D printing
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emissions, and can force an efficient and environment friendly produc
tion worldwide.

11. Challenges and future prospects

The rapidly evolving field of AI-integrated 3D printing is experi
encing enormous shifts, and there are new challenges and possibilities 
that will shape its future direction. One of the main challenges is to 
ensure that AI algorithms are sufficiently resilient and flexible to work 
with a variety of 3D printing materials and techniques. In order to solve 
this problem, real-time learning and adaptive algorithms must be 
developed. Ethical factors, such as data protection and responsible use of 
AI, are further obstacles that require the adoption of standards and 
ethical frameworks across industries. Global cooperation and sharing of 
information will help to overcome limited datasets and complicated 
material interactions. However, the cost-effective and widespread 
availability of AI-integrated 3D printing technology needs thoughtful 
planning.

On the other hand, the future presents exciting opportunities. 
Advanced generative design algorithms driven by AI offer the potential 
to create intricate and optimised structures, revolutionizing product 
design for enhanced efficiency and functionality. The ability of AI to 
analyze extensive datasets swiftly opens doors for the customization and 
personalization of 3D-printed products, leading to a new era of tailored 
solutions that meet individual consumer needs. Leveraging AI for envi
ronmental sustainability in 3D printing provides opportunities to opti
mize processes, reduce waste, and select eco-friendly materials, 
significantly contributing to minimizing the ecological footprint of 3D 
printing. The integration of artificial intelligence-driven 3D printing 
with Industry 4.0 principles offers opportunities for smart 
manufacturing, with real-time monitoring and data-driven decision- 
making enhancing overall efficiency and productivity. In order for the 
field to deal with these future challenges and take advantage of these 
opportunities, cooperation, innovation and a proactive approach to 
ethical considerations will be crucial. Embracing these challenges as an 
opportunity for growth will lead to the continued evolution of this 
exciting integration of artificial intelligence and 3D printing, paving the 
way for significant advances in the field of 3D printing. Fig. 9 depicts 
some of the challenges and hotspots for future research.

12. Conclusion

This review provides insights into AI’s role in advancing 3D printing 
technology. This highlights the critical importance of optimizing process 
parameters such as layer thickness, infill density, and printing speed. 
Focusing on these optimizations can lead to an improvement in quality 
while delivering cost-effective results. This will not only help to reduce 
waste and production costs, but also improve efficiency in time. This 
optimization approach can greatly benefit industries with paced pro
duction requirements. In addition, ML techniques such as ANN, PSO, 
and autonomous calibration systems have shown substantial success in 
optimizing the 3D printing parameters. These methods contribute to a 
significant reduction in production costs, printing time and quality. The 
combination of transfer learning and ensemble learning was found to be 
effective in defect detection, highlighting the collaborative potential of 
AI and 3D printing. The use of AI in design and geometry optimization 
represents a significant step forward, particularly in generative design 
and topology optimization. AI has led to an unprecedented level of 
creativity and efficiency, significantly reducing design iteration times 
and manufacturing costs. DL-based topology optimization methods 
demonstrate adaptability to complex optimization tasks. Automated 
simulations and testing facilitated by AI minimize the reliance on 
physical prototypes, streamlining the design workflow across various 
sectors These studies also emphasize the efficacy of AI, especially ANNs 
and ANFIS, in predicting mechanical properties and enhancing the 
performance of 3D-printed structures.

Quality control and defect detection have undergone substantial 
advancements through the incorporation of AI-driven methodologies. 
ML algorithms, particularly those based on CNNs, contribute to the ac
curacy of defect detection in 3D-printed objects, minimizing material 
waste and time in precision-critical industries such as aerospace and 
healthcare. The review also highlights the importance of AI in sustain
ability efforts within the manufacturing sector. Energy-efficient tech
nologies and ML play pivotal roles in enhancing energy efficiency and 
support eco-friendly manufacturing practices. Neural network models, 
such as LSTM and MLP, aid in predicting energy consumption, opti
mizing printing parameters, and fostering sustainable practices.

Overall, the integration of optimization strategies, ML, and AI will 
have a transformative impact on 3D printing technology, contributing to 
enhanced efficiency, reduced costs, improved product quality, and sus
tainable production. These advancements will collectively propel the 
field forward by addressing critical challenges and expanding our un
derstanding of the intricate interplay between printing parameters and 
material properties.
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