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Additive manufacturing (AM) has undergone significant development over the past decades, resulting in vast 
amounts of data that carry valuable information. Numerous research studies have been conducted to extract 
insights from AM data and utilize it for optimizing various aspects such as the manufacturing process, supply 
chain, and real-time monitoring. Data integration into proposed digital twin frameworks and the application of 
machine learning techniques is expected to play pivotal roles in advancing AM in the future. In this paper, we 
provide an overview of machine learning and digital twin-assisted AM. On one hand, we discuss the research 
domain and highlight the machine-learning methods utilized in this field, including material analysis, design 
optimization, process parameter optimization, defect detection and monitoring, and sustainability. On the other 
hand, we examine the status of digital twin-assisted AM from the current research status to the technical approach 
and offer insights into future developments and perspectives in this area. This review paper aims to examine 
present research and development in the convergence of big data, machine learning, and digital twin-assisted 
AM. Although there are numerous review papers on machine learning for additive manufacturing and others 
on digital twins for AM, no existing paper has considered how these concepts are intrinsically connected and 
interrelated. Our paper is the first to integrate the three concepts big data, machine learning, and digital twins 
and propose a cohesive framework for how they can work together to improve the efficiency, accuracy, and 
sustainability of AM processes. By exploring latest advancements and applications within these domains, our 
objective is to emphasize the potential advantages and future possibilities associated with integration of these 
technologies in AM.
1. Introduction

Additive manufacturing (AM), also known as 3D printing, has rev-
olutionized the manufacturing industry by offering unprecedented de-
sign freedom [1–5], reducing material waste [6–11], and enabling the 
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production of complex geometries that were once impractical or impos-
sible with traditional manufacturing methods [12–21]. This transfor-
mative technology has found applications in various sectors, including 
aerospace [22–31], automotive [32–40], healthcare [41–54], food in-
dustry [55–69], and even construction industry [70–83]. As AM contin-
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ues to evolve and gain wider adoption in various industries, the focus 
has shifted towards optimizing the manufacturing process, enhancing 
product quality, and accurately predicting material properties [84,85]. 
The complex nature of AM, with its intricate geometries, diverse ma-
terials, and intricate interplay of process parameters, poses challenges 
in achieving consistent and reliable outcomes. To address these chal-
lenges, the integration of advanced data-driven technologies such as 
big data analytics, machine learning (ML), and digital twin (DT) sim-
ulations becomes crucial. The vast amount of data generated during 
the AM process provides valuable insights into process performance, 
material behavior, and product characteristics. By harnessing big data 
analytics, these data can be analyzed and interpreted to identify pat-
terns, correlations, and hidden trends that may impact the final product 
quality.

Big data plays a pivotal role in AM by enabling the collection, 
storage, and analysis of vast amounts of data generated during the man-
ufacturing process [86,87]. By leveraging big data analytics techniques, 
valuable insights and patterns can be extracted so that they can be used 
to optimize process parameters [88–90], monitor product quality [91], 
and improve overall performance [92]. The utilization of big data in 
AM has the potential to enhance efficiency, reduce costs, and facilitate 
innovation.

In recent years, machine learning, a subset of artificial intelligence 
(AI), has also emerged as a game-changer in the AM domain. ML al-
gorithms and techniques enable computers to learn from data patterns 
and make data-driven decisions [93], optimizing manufacturing pro-
cesses [94], enhancing product quality [95], and reducing costs [96]. 
The integration of machine learning methods into AM has opened up 
new possibilities for material analysis, design optimization, process op-
timization, defect detection, real-time monitoring, and sustainable man-
ufacturing [97–99].

Additionally, the concept of digital twins has emerged as a transfor-
mative technology in the manufacturing industry [100–102]. A digital 
twin is a virtual representation of a physical object or system, capturing 
its behavior, performance, and lifecycle in real-time. This technology 
has found diverse applications in healthcare [103–108], smart cities 
[109–112], and, more importantly, AM [113–115]. Digital twins en-
able real-time monitoring, predictive maintenance, and optimization of 
AM processes, paving the way for data-driven decision-making and in-
creased operational efficiency.

There have been a lot of review papers exploring the application 
of these three techniques in AM [116–127]. (1). For big data, Bi et al. 
[90] conducted a comprehensive review of the integration of big data in 
AM, highlighting its potential impact on design, production, and supply 
chain processes. They explored how big data analytics can effectively 
handle the vast data generated by AM, benefiting both research and 
production. Additionally, big data methods were identified as aiding 
designers, engineers, and customers through valuable information col-
lection. Wang & Alexander [128] reviewed the utilization of big data 
in AM, emphasizing its influence on supply chains and production effi-
ciency. They explored the advantages, applications, and technological 
advancements of AM, including its limitations and cybersecurity consid-
erations. Additionally, the integration of big data and the application of 
big data analytics in AM were discussed to underscore their significance 
in enhancing the overall AM process. (2). For machine learning, Wang 
et al. [98] examined the use of machine learning in AM. They explored 
how machine learning enhances various aspects of AM, from design op-
timization to production quality assessment and data security. Meng 
et al. [129] extensively assessed the utilization of machine learning in 
AM, categorizing applications like parameter optimization and anomaly 
detection into distinct machine learning tasks such as regression, classi-
fication, and clustering. Qin et al. [130] conducted an in-depth review 
of the role of machine learning in addressing challenges within AM. 
They recognized the potential of AM for revolutionizing manufactur-
ing and emphasized the obstacles related to complex systems, product 
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quality, and adoption. They employed systematic methods, including 
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keyword co-occurrence and cluster analysis, to analyze literature on 
various aspects of AM, such as design for AM, material analytics, moni-
toring, defect detection, property prediction, and sustainability. Guo et 
al. [131] addressed the challenge of interpreting machine learning out-
comes within the context of complex thermodynamics governing AM. 
To address this, the concept of physics-informed machine learning was 
introduced, integrating data-driven methods with underlying physical 
principles. Chinchanikar et al. [132] provided a comprehensive review 
of recent advancements in the application of machine learning to AM, 
with a focus on the aerospace industry. (3). For digital twins, Phua 
et al. [133] critically examined the application of digital twin tech-
nology in the context of metal AM. They explored how digital twins 
offer a viable solution to the challenges inherent in metal AM, partic-
ularly related to part qualification, certification, and optimization. The 
evaluation encompassed diverse aspects such as modeling, sensing, con-
trol, and machine intelligence. They identified a four-level hierarchy for 
the development of a digital twin for metal AM, highlighting essential 
components like surrogate modeling, in-situ sensing, hardware control 
systems, and intelligent control policies. Zhang et al. [134] delved into 
the potential of digital twin applications in AM. They recognized the 
challenges posed by the trial-and-error approach to achieve optimal 
structural integrity and mechanical properties in AM-produced compo-
nents. They proposed that digital twins could address these challenges 
by offering a comprehensive digital representation of production sys-
tems or products. Digital twins were identified as a potential solution 
to enhance part quality, shorten product qualification time, and im-
prove overall production efficiency. Chen et al. [135] proposed a novel, 
service-oriented framework for AM digital twin development, address-
ing challenges stemming from the uniqueness of each AM process. They 
outlined the discrepancies in defining and developing AM digital twins, 
which often lead to high costs and low adaptability. To mitigate these 
issues, They summarized existing AM digital twin approaches and in-
troduces a four-layered framework: service, model, data, and interface. 
This framework aimed to enhance reusability across different levels 
of AM digital twin development. Ladani [136] explored the applica-
tions of artificial intelligence and machine learning in metal AM. They 
highlighted the potential synergies between AI and AM due to the vast 
amount of digital data generated in AM processes. Specifically focusing 
on powder bed AM technology, they discussed the types and sources 
of data, potential variabilities in experimental and simulation data, and 
how these data can be utilized in ML algorithms. They also presented 
several innovative ideas that demonstrate how combining AI and AM 
could significantly impact various fields.

Although there are numerous review papers on machine learning 
for additive manufacturing and others on digital twins for AM, no 
existing paper has considered how these concepts are intrinsically con-
nected and interrelated. Our paper is the first to integrate the three 
concepts—big data, machine learning, and digital twins—and propose 
a cohesive framework for how they can work together to improve the 
efficiency, accuracy, and sustainability of additive manufacturing pro-
cesses as demonstrated in Fig. 1. This distinct approach is lacking in 
current literature, where the interplay between these three elements is 
often overlooked. By amalgamating the capabilities of big data, ma-
chine learning, and digital twin, our review provides an integrated 
framework that demonstrates their symbiotic relationship. Our com-
prehensive analysis not only highlights the individual strengths of each 
technology but also elucidates their collective potential. This inclusive 
review not only offers insights into their individual significance but also 
unveils how they synergistically shape the future of AM. In doing so, our 
paper not only aims to contribute to the academic discourse but also 
presents a forward-looking perspective that is aligned with the evolv-
ing landscape of advanced manufacturing technologies. The objective 
of this review paper is to provide a comprehensive overview of the cur-
rent state of research and development in the intersection of big data 
analytics, machine learning, and digital twin-assisted AM. By examin-

ing the latest advancements and applications in these areas, we aim to 
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Fig. 1. Interconnected landscape: big data, machine learning, and digital twin.
highlight the potential benefits, challenges, and future prospects of in-
tegrating these technologies in the AM process.

The subsequent sections of this review paper are structured as fol-
lows: In Section 2, we will provide a detailed discussion of the concepts 
of big data analytics, machine learning, and digital twin technology, 
emphasizing their relevance and significance in the AM domain. We 
will delve into the specific application areas of machine learning in 
AM in Section 3. This includes material analysis, where machine learn-
ing techniques can be employed to optimize material properties and 
enhance material selection processes. We will also explore design opti-
mization, where geometric and topology optimization methods driven 
by machine learning can revolutionize how products are designed and 
manufactured. This section will also delve into the realm of process 
optimization, discussing how machine learning algorithms can be uti-
lized to achieve better control over AM processes, leading to improved 
efficiency and reduced defects. Additionally, we will discuss the sig-
nificance of defect detection and real-time monitoring in ensuring the 
quality of the AM process. Moreover, we will explore the concept of 
sustainability in AM, emphasizing how machine learning and digital 
twin technologies can contribute to environmentally friendly practices 
through energy consumption modeling, waste reduction, and optimiza-
tion of support structures. Section 4 will assess the current research 
status of digital twin-assisted AM and discuss the technical approaches 
being used to integrate digital twins into the AM workflow. Addition-
ally, we will explore future development directions and perspectives 
to highlight the potential of this transformative technology in revo-
lutionizing the manufacturing industry. Finally, Section 5 presents a 
comprehensive discussion on the implications and potential areas of fu-
ture research, followed by a conclusion. Through this comprehensive 
review, we aim to highlight the challenges, opportunities, and future 
prospects of leveraging big data, machine learning, and digital twin 
3

technologies in AM. Because big data analysis is usually interspersed 
with the application of machine learning and digital twins, this review 
does not list the application of big data analysis in AM as a separate sec-
tion. By shedding light on the latest advancements and applications, we 
seek to underscore the potential benefits of these integrated technolo-
gies and inspire further research and innovation in this exciting and 
rapidly evolving field.

2. Basic concepts

In this section, we will explore the basic concepts of AM, big data, 
machine learning, and digital twins.

2.1. Additive manufacturing

ISO/ASTM categorizes additive manufacturing into seven distinct 
groups, namely vat photopolymerization, material jetting, binder jet-
ting, powder bed fusion, material extrusion, directed energy deposition, 
and sheet lamination [137]. In this subsection, we will introduce the 
concept of AM through reviewing the developments of seven different 
categories of AM demonstrated in Fig. 2.

2.1.1. Vat photopolymerization

Vat photopolymerization is an AM process that uses a vat of liquid 
photopolymer resin that is selectively cured (hardened) by exposing it 
to a UV light source, usually in the range of 350-405 nm [138]. This 
process is also known as stereolithography (SLA) or digital light pro-
cessing (DLP) 3D printing. In SLA, a laser is used to selectively cure the 
resin. In DLP, a digital projector is used to project a pattern of light onto 
the resin.

The process involves a build platform that is lowered into the vat of 
liquid photopolymer resin, and a UV light source that selectively cures 

the resin layer by layer, creating a solid object. Once a layer has been 
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Fig. 2. Additive manufacturing process categories.
cured, the build platform is lowered into the vat by a small amount, 
typically in the range of 0.05-0.15 mm, and the next layer of resin is 
spread on top of the cured layer [139]. The process is repeated until 
the entire object has been printed. After printing is complete, the object 
is removed from the vat and washed to remove any uncured resin. The 
object may also be post-processed to smooth or finish the surface, or to 
add additional features or colors.

Vat photopolymerization produces high-resolution, detailed parts 
with smooth surfaces and high accuracy. It is commonly used in indus-
tries such as jewelry, dentistry, and prototyping. However, the process 
can be slow compared to other 3D printing techniques, and the cost of 
the photopolymer resin can be relatively high [140]. In addition, the 
cured resin may be brittle and have limited mechanical properties, de-
pending on the specific material used [141].

2.1.2. Material jetting

Material jetting is a 3D printing technology that uses a print head 
to deposit small droplets of material onto a build platform. This process 
is similar to inkjet printing, where tiny droplets of ink are deposited 
onto paper. In material jetting, the print head can deposit droplets of 
multiple materials, such as plastics, metals, or ceramics, onto the build 
platform. The droplets are then cured using heat, light, or other methods 
to solidify the material and create a 3D object [142].

One of the key advantages of material jetting is its ability to pro-
duce parts with very high resolution and accuracy [143]. This makes 
it well-suited for applications that require fine details, such as jewelry, 
dental and medical devices, and small mechanical parts. Material jet-
ting also allows for the creation of parts with multiple materials, which 
can be useful for creating parts with varying properties, such as parts 
that need to be both rigid and flexible [144]. However, material jet-
ting can be relatively slow compared to other 3D printing technologies, 
particularly for larger parts [145]. It can also be more expensive, as 
it typically requires specialized equipment and materials. Despite these 
limitations, material jetting remains an important 3D printing technol-
ogy, particularly in industries such as product design, prototyping, and 
the creation of high-precision parts for aerospace and automotive appli-
cations. Ongoing research is also exploring ways to improve the speed, 
4

cost, and versatility of material jetting.
2.1.3. Binder jetting

Binder jetting is an AM process that uses a binder material to fuse 
together a powdered material, such as metal, plastic, or ceramic, to cre-
ate a solid object. It works by depositing a liquid binder onto a thin 
layer of powder, which then solidifies and binds the particles together. 
The process is repeated layer by layer until the object is complete. Once 
the object is printed, it is typically sintered or cured to strengthen the fi-
nal product. Binder jetting is often used in industries such as aerospace, 
automotive, and medical device manufacturing. It has been used to pro-
duce parts such as engine components, dental implants, and surgical 
instruments [146].

One of the main advantages of binder jetting is its ability to print 
with a wide range of materials, including metals, plastics, and ceramics. 
This makes it a versatile manufacturing method for creating a variety 
of parts and components. While binder jetting is a relatively fast pro-
cess, it does have some limitations. The resolution and accuracy of the 
final product can be lower than other 3D printing methods, which may 
limit its use for certain applications [147]. Additionally, post-processing 
steps such as sintering or curing may be required to strengthen the final 
product [148]. Ongoing research is focused on improving the resolution 
and accuracy of the final product, as well as developing new materials 
and applications for binder jetting [149].

2.1.4. Powder bed fusion

Powder bed fusion is a 3D printing technology that uses a laser or 
electron beam to selectively melt or fuse together layers of powdered 
material, such as metal, plastic, or ceramic, to create a solid object. 
There are two main types of powder bed fusion: selective laser melting 
(SLM) and electron beam melting (EBM). SLM uses a high-powered laser 
to selectively melt the powder, while EBM uses an electron beam to 
melt the powder. The process begins with a thin layer of powder spread 
evenly over a build platform. A laser or electron beam is then used to se-
lectively melt or fuse together the powder in the desired areas, creating 
a solid layer. The build platform then moves down by a layer thickness, 
and the process is repeated layer by layer until the object is complete. 
Powder bed fusion is typically used to create small to medium-sized 
parts, although larger parts can be created by using multiple machines 
or by printing and joining individual components together. The pro-
cess can be relatively slow compared to other 3D printing technologies, 

particularly for parts with complex geometries [150].
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One of the main advantages of powder bed fusion is its ability to 
create parts with very high accuracy and resolution [151]. This makes 
it an excellent choice for creating parts with intricate geometries and 
fine details. Additionally, powder bed fusion can be used with a wide 
range of materials, including metals [152], plastics [153], and ceramics 
[154]. Powder bed fusion has some limitations, including the need for 
post-processing steps such as heat treatment to improve the strength of 
the final product [155–159]. Additionally, the process can be relatively 
expensive, as it requires specialized equipment and materials [160]. 
Ongoing research is focused on multi-material printing [161], reducing 
residual stresses and distortions [162], and new materials development 
[163].

2.1.5. Material extrusion

Material extrusion is a 3D printing technology that uses a heated 
nozzle to melt and extrude a thermoplastic material, such as ABS or 
PLA, layer by layer, to create a solid object. The process begins with 
a 3D model that is sliced into thin layers using 3D printing software. 
The printer then extrudes the melted material through a nozzle, build-
ing up the object layer by layer. Material extrusion is typically used for 
creating prototypes, low-volume production runs, and one-off parts. It 
is also commonly used in education and hobbyist applications, as desk-
top 3D printers using material extrusion technology can be relatively 
affordable and easy to use [164].

One of the main advantages of material extrusion is its ability to 
print with a wide range of thermoplastic materials, including PLA, ABS, 
PETG, and nylon [165]. This makes it a versatile manufacturing method 
for creating a variety of parts and components. However, material ex-
trusion does have some limitations. The resolution and accuracy of the 
final product can be lower than other 3D printing methods, particularly 
for parts with complex geometries [166]. Additionally, the layer-by-
layer construction of parts can result in a visible texture on the final 
product [167]. Despite these limitations, material extrusion remains 
an important 3D printing technology, particularly for creating simple, 
functional parts quickly and affordably. Ongoing research is focused 
on bioprinting and tissue engineering [168–173], multi-axis printing 
[174–178], as well as advanced filament materials that can be used 
[179–181].

2.1.6. Directed energy deposition

Directed energy deposition is a 3D printing technology that uses a 
high-energy heat source, such as a laser or electron beam, to melt and 
fuse together metal powders or wire feedstock to create a solid object. 
There are two main types of directed energy deposition: laser-based 
and electron beam-based. Laser-based directed energy deposition uses 
a high-powered laser to melt and fuse the metal material, while elec-
tron beam-based directed energy deposition uses an electron beam to 
achieve the same result. The process begins with a 3D model that is 
sliced into thin layers using 3D printing software. The printer then di-
rects the heat source to melt and fuse the metal material onto the build 
platform, layer by layer, until the object is complete. Directed energy 
deposition can be used with a wide range of metal materials, including 
titanium, stainless steel, and aluminum [182]. It is often used in indus-
tries such as aerospace, automotive, and medical device manufacturing 
to create complex, high-performance parts and components.

One of the advantages of directed energy deposition is its ability to 
create large, complex parts with a high degree of accuracy and precision 
[183]. It is also well-suited for repairing or adding material to existing 
parts, making it a popular choice for maintenance and repair applica-
tions. However, directed energy deposition does have some limitations. 
The process can be relatively slow compared to other 3D printing tech-
nologies, particularly for parts with complex geometries. Additionally, 
post-processing steps such as machining or polishing may be required 
to achieve the desired surface finish and tolerances [184]. Despite these 
limitations, directed energy deposition remains an important 3D print-
5

ing technology, particularly for creating complex, high-performance 
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metal parts and components. Ongoing research is focused on improv-
ing the speed and efficiency of the process, as well as expanding the 
range of materials and geometries that can be used.

2.1.7. Sheet lamination

Sheet lamination is a 3D printing technology that involves bonding 
together thin layers of material, usually paper or plastic, to create a 
solid object. The process begins with a 3D model that is sliced into thin 
layers using 3D printing software. The printer then applies adhesive to 
each layer and bonds them together, layer by layer, until the object 
is complete. Sheet lamination is a relatively low-cost and low-tech 3D 
printing technology, making it accessible to a wide range of users. It is 
often used in educational settings, such as schools and libraries, as well 
as for rapid prototyping and small-scale production runs [185].

One of the main advantages of sheet lamination is its low cost and 
accessibility [186]. The materials used are relatively inexpensive, and 
the process does not require sophisticated equipment or technical exper-
tise. This makes it a popular choice for users who are new to 3D printing 
or who have limited resources. Another advantage of sheet lamination 
is its ability to create objects with full-color graphics or images [187]. 
This is achieved by printing the color or image onto the surface of 
each layer before bonding them together. This makes it well-suited for 
creating models or prototypes of products that require detailed visual 
representations. However, sheet lamination also has some limitations. 
The resolution of the final object is typically lower than other 3D print-
ing technologies, as the layers are relatively thick compared to other 
methods [188]. Additionally, the materials used may not be as strong 
or durable as those used in other methods [189], which limits the range 
of applications for which it is suitable.

Despite these limitations, sheet lamination remains an important 3D 
printing technology, particularly for applications that require full-color 
graphics or images. Ongoing research is focused on improving the reso-
lution and strength of the final product, as well as expanding the range 
of materials that can be used. Newer techniques, such as hybrid lami-
nation, which combines sheet lamination with other AM or subtractive 
manufacturing techniques, are also being explored to further improve 
the capabilities of the technology.

The comparison of seven different kinds of AM technologies, includ-
ing advantages, disadvantages, materials, and applications, is listed in 
Table 1.

Most AM systems typically align with one of the seven established 
categories outlined in current industry standards. However, there are 
latest exceptions to this categorization [255], such as cold spray tech-
nology. Cold spray, unlike traditional AM methods, involves the depo-
sition of metal or composite particles onto a substrate at supersonic 
velocities, forming a solid build-up without melting the material. This 
could require an update to the ISO/ASTM 52900 standard.

2.2. Big data

Big data refers to the presence of extremely large and complex 
data sets that are challenging to manage, process, and analyze using 
traditional data processing tools and methods [256]. Big data is char-
acterized by its volume (enormous amounts of data), velocity (high 
speed of data generation and processing), and variety (diversity of data 
types and sources) [257]. The term “big data” encompasses various 
entities, including social phenomena, information assets, data sets, ana-
lytical techniques, storage technologies, processes, and infrastructures. 
Microsoft describes big data as the application of “serious computing 
power” to massive amounts of information, while the National Insti-
tute of Standards and Technology (NIST) emphasizes the need for a 
“scalable architecture for efficient storage, manipulation, and analysis” 
when defining big data [258]. The development histories of big data 
are listed in Table 2 and the core concept of big data can be expressed 

through the following key aspects:
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Table 1

Comparison of additive manufacturing technologies.

Process Advantages Disadvantages Printable Materials Applications Ref

Vat photopoly-
merization

∙ high-resolution
∙ smooth surfaces
∙ high accuracy

∙ long process time
∙ expensive
∙ weak parts

pure photopolymer or pure 
waxes, or they can contain 
ceramic or metal particles

Industries such as jewelry, 
dentistry, and prototyping

[190–199]

Material 
jetting

∙ high accurate parts
∙ smooth surface
∙ low wastage

∙ weak parts
∙ expensive
∙ material limitation

pure photopolymer or pure 
waxes, or they can contain 
ceramic or metal particles

Industries such as product design, 
prototyping, high-precision parts 
for aerospace and automotive 
applications

[200–204]

Binder jetting ∙ create large, complex parts 
quickly
∙ low cost

∙ low resolution
∙ brittle parts

metals, ceramics, and polymers Industries such as aerospace, 
automotive, and medical device 
manufacturing

[205–214]

Powder bed 
fusion

∙ high-resolution
∙ wide range of materials used

∙ need for post processing 
steps
∙ expensive
∙ long process time

metals including titanium 
alloys, stainless steel, aluminum 
alloys; polymers including 
nylon, PA

Rapid prototyping of parts; 
aerospace components; high 
complex and delicate objects

[215–233]

Material 
extrusion

∙ wide range of materials used
∙ easy to use
∙ low cost

∙ low resolution
∙ visible texture surface

thermoplastic polymer, 
including PLA, TPU, ABS; 
elastomers; graphite; metals

Creating prototypes, low-volume 
production runs, and one-off parts

[234–242]

Directed 
energy 
deposition

∙ create large, complex parts
∙ high-resolution
∙ easy for repairing or adding 
material to existing parts

∙ long process time
∙ post processing steps
∙ material limitation

metals including titanium 
alloys, stainless steel, aluminum 
alloys

Industries such as aerospace, 
automotive, and medical device 
manufacturing to create complex, 
high-performance parts and 
components

[243–251]

Sheet 
lamination

∙ easy to use
∙ low cost

∙ low resolution
∙ weak parts
∙ material limitation

paper, plastic film, metal foil, 
composites including carbon 
fiber composites, glass fiber 
composites

Rapid prototyping and small-scale 
production runs; educational 
settings

[252–254]
• “Volume,” “Velocity,” and “Variety”: These terms describe the 
characteristics of the involved information, highlighting the vast 
amounts of data, the high speed at which it is generated and pro-
cessed, and the diverse types and sources of data.

• Specific “Technology” and “Analytical Methods”: Big data necessi-
tates unique requirements to effectively utilize such vast amounts 
of information, including specialized technologies and analytical 
methods designed to handle the complexities and challenges associ-
ated with big data.

• Transformation into insights and creation of economic value: The 
primary impact of big data on companies and society lies in its 
ability to extract valuable insights from the data, leading to the gen-
eration of economic value. By leveraging the power of big data an-
alytics, organizations can uncover meaningful patterns, trends, and 
correlations within the data, enabling informed decision-making 
and driving innovation.

Overall, big data represents a paradigm shift in the way data is 
managed and analyzed, emphasizing the importance of scalable tech-
nologies, advanced analytics, and the potential for generating valuable 
insights and economic benefits.

2.3. Machine learning

Machine learning is a specialized field focused on developing and 
understanding methods that enable machines to “learn” and improve 
their performance on specific tasks by leveraging data [269,270]. It 
is a subfield of artificial intelligence that emphasizes the creation of 
algorithms and models capable of autonomously learning, making pre-
dictions, and making decisions without explicit programming [271]. ML 
involves the development of computer systems that can analyze and in-
terpret large volumes of data, identify patterns, and extract meaningful 
insights to enhance their performance over time [272]. ML tasks are 
typically categorized into different types based on learning approaches 
(supervised/unsupervised), learning models (classification, regression, 
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clustering, dimensionality reduction), or the specific algorithms em-
ployed for a given task. The evolution histories of ML are demonstrated 
in Table 2.

Machine learning models can be classified into various types based 
on their learning algorithms, objectives, and underlying mathematical 
techniques. Some commonly used machine learning models include:

• Supervised Learning Models: Linear Regression, Logistic Regression, 
Decision Trees, Random Forest, Support Vector Machines, Gradient 
Boosting models (e.g., XGBoost, LightGBM), Neural Networks (e.g., 
Multi-layer Perceptron).

• Unsupervised Learning Models: K-means Clustering, Hierarchical 
Clustering, Principal Component Analysis (PCA), Gaussian Mixture 
Models (GMM), Self-Organizing Maps (SOM), Autoencoders.

• Reinforcement Learning Models: Q-Learning, Deep Q-Networks 
(DQN), Policy Gradient Methods, Actor-Critic Methods, Monte Carlo 
Tree Search (MCTS).

• Deep Learning Models: Convolutional Neural Networks (CNN), Re-
current Neural Networks (RNN), Long Short-Term Memory (LSTM), 
Generative Adversarial Networks (GAN), Transformers.

• Bayesian Models: Naive Bayes, Bayesian Networks, Hidden Markov 
Models (HMM), Gaussian Processes.

• Ensemble Learning Models: Bagging (Bootstrap Aggregating), Boost-
ing (e.g., AdaBoost, Gradient Boosting), Stacking, Voting.

• Dimensionality Reduction Models: Principal Component Analysis 
(PCA), t-Distributed Stochastic Neighbor Embedding (t-SNE), Lin-
ear Discriminant Analysis (LDA).

• Recommender Systems Models: Collaborative Filtering, Content-
Based Filtering, Hybrid Approaches.

These models represent a range of techniques used in machine learn-
ing, each with its own strengths and areas of application. Researchers 
and practitioners select appropriate models based on the specific prob-

lem they are addressing and the characteristics of their data.
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Table 2

Evolution of big data, machine learning, and digital twins.

Time Big Data Machine Learning Digital Twin

1950-

1980

∙ Development of relational database systems like 
IBM’s IMS and Oracle.
∙ Creation of the World Wide Web by Tim 
Berners-Lee in 1989.

∙ Development of the perceptron algorithm by 
Frank Rosenblatt [259] in 1957, one of the 
earliest machine learning algorithms inspired by 
biological neurons.
∙ Introduction of decision tree learning algorithms 
like ID3 by Ross Quinlan [260] in the 1980s.

− −− −− −−

1980-

2000

∙ Introduction of support vector machines (SVM) 
by Vladimir Vapnik [261] in the 1990s, providing 
a powerful method for classification and 
regression tasks.

2000-

2010

∙ Google’s publication of the MapReduce and GFS 
papers in 2004, laying the groundwork for 
distributed computing and the Hadoop ecosystem.
∙ Apache Hadoop project launch in 2006, 
providing an open-source framework for 
distributed storage and processing of big data.

∙ Emergence of ensemble learning methods like 
random forests [262] and gradient boosting 
machines [263], improving predictive 
performance by combining multiple models.

∙ Introduction of the “Digital Twin” concept by 
Michael Grieves [264] in 2002, highlighting the 
potential for virtual replicas of physical assets.
∙ Adoption of simulation and modeling techniques 
in manufacturing and aerospace industries for 
virtual prototyping and testing.

2010-

2020

∙ Introduction of Apache Spark in 2014, offering 
faster and more versatile big data processing 
compared to MapReduce.
∙ Growth of cloud computing platforms like 
Amazon Web Services (AWS), Google Cloud 
Platform (GCP), and Microsoft Azure.

∙ Breakthroughs in deep learning, including the 
development of convolutional neural networks 
(CNNs) [265] for image recognition and recurrent 
neural networks (RNNs) [266] for sequential data.
∙ Introduction of the Transformer architecture by 
Vaswani et al. [267] in 2017, revolutionizing 
natural language processing (NLP) by enabling 
efficient training on large datasets through 
attention mechanisms.

∙ Implementation of digital twins in industries 
like energy, healthcare, and transportation for 
predictive maintenance and performance 
optimization.
∙ Development of IoT platforms and sensors for 
collecting real-time data from physical assets and 
environments.

2020- ∙ Advancements in real-time data processing 
technologies like Apache Kafka and Apache Flink.

∙ Continued research in areas like reinforcement 
learning, generative adversarial networks (GANs) 
[268], and self-supervised learning.
∙ Advanced multimodal models like GPT, DALL-E, 
Sora demonstrated integration across text, 
images, and other data types, enabling more 
sophisticated and contextually aware outputs.

∙ Expansion of digital twins into smart cities and 
urban planning, enabling holistic management of 
infrastructure and resources. ∙ Integration of AI 
and machine learning into digital twins for 
advanced analytics, anomaly detection, and 
scenario simulation.
2.4. Digital twin

The initial definition of Digital Twin was formulated by NASA (Ta-
ble 2), describing it as “an integrated multi-physics, multi-scale, proba-
bilistic simulation of a vehicle or system that utilizes the best available 
physical models, sensor updates, fleet history, etc., to replicate the life 
of its flying counterpart” [273]. According to this definition, the DT con-
sists of three principal components: (i) physical objects in the Physical 
World, (ii) digital objects in the Digital World, and (iii) the connections 
that link the digital and physical elements together.

While the research on DT primarily focused on the aerospace field 
initially, in 2013, there were initial studies exploring its application in 
the manufacturing sector. Lee and colleagues proposed the DT to be the 
virtual representation of production resources, extending beyond just 
the product itself. This sparked a discussion about the role of DT in 
advanced manufacturing environments, particularly in relation to In-
dustry 4.0, which encompasses core technologies like big data analytics 
and cloud platforms [274]. This ongoing debate forms the context for 
the present work.

It became evident that the significance of DT in the manufactur-
ing industry lies in its definition as the virtual counterpart of physical 
devices. These virtual representations are based on semantic data mod-
els and enable simulations across various disciplines. They facilitate 
not only static prognostic assessments during the design stage but also 
the continuous updating of the virtual representation through real-time 
synchronization with sensed data. This enables the representation to 
reflect the current state of the system, facilitating real-time optimiza-
tion, decision-making, and predictive maintenance based on the sensed 
conditions.

A widely acknowledged and utilized concept of DT is presented in 
[275]. According to this concept, a DT is a comprehensive, physical, 
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unified, and stochastic simulation of an as-built system, made possible 
by the utilization of a Digital Thread. The Digital Thread incorporates 
the best available models (physical, behavioral, etc.) and updated in-
formation to emulate the life cycle, actions, and operations of its real 
counterpart [276]. This concept is widely embraced because it offers a 
broad and inclusive definition, encompassing all the key characteristics 
and elements of a DT, while also governing its performance. Impor-
tantly, unlike the initial NASA definition, this concept can be applied 
to various development areas, as its primary objective is not limited to 
replicating the life of an aircraft but rather capturing the life cycle of 
any element, product, or system that serves as its physical twin.

3. Machine learning assisted additive manufacturing

3.1. Overview

Machine learning has revolutionized AM by enabling advancements 
in defect detection, process parameter optimization, design optimiza-
tion, material analysis, and sustainability. Through the application of 
various machine learning algorithms such as k-nearest neighbors [277], 
support vector machines [278,279], deep learning [280,281], decision 
trees [282], and genetic algorithms [283], researchers and industry 
professionals have been able to improve the quality, efficiency, and 
overall performance of AM processes. By harnessing the power of ma-
chine learning, they have successfully detected defects [277–279,284], 
optimized process parameters [283,285–293], generated optimized de-
signs [294–301], analyzed materials [302–304], and made significant 
strides towards sustainable manufacturing practices [305,306]. These 
developments showcase the tremendous potential of machine learning 
in transforming AM into a more reliable, cost-effective, and environ-
mentally friendly production method.

Furthermore, machine learning algorithms play a pivotal role in re-

fining AM processes by adjusting parameters based on insights learned 
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from historical data, thus ensuring higher quality outputs and improved 
operational efficiency [277–279,281,282,284,307–311]. These algo-
rithms significantly augment defect detection mechanisms and quality 
assurance practices by enabling automated inspection of manufactured 
parts, drastically reducing human errors and time spent on manual as-
sessments [277–279,281,284,307–310]. By leveraging operational data 
patterns, machine learning can foresee potential equipment failures, fa-
cilitating a proactive approach to maintenance and consequently reduc-
ing unexpected downtime [277–279,281,284,307–310]. Machine learn-
ing also accelerates the materials research segment of AM by predicting 
the properties of potential materials, substantially speeding up the dis-
covery and testing processes [282,311]. In addition, the amalgamation 
of machine learning with design tools introduces an avenue for design 
optimization in AM, taking into account factors like manufacturability, 
material usage, and performance characteristics [294–301]. Machine 
learning also extends its capabilities to real-time monitoring of AM pro-
cesses, ensuring consistency and quality of production by identifying 
and rectifying anomalies instantaneously [277–279,281,284,307–310]. 
Finally, by optimizing manufacturing processes and improving defect 
detection, machine learning has a substantial impact on waste reduc-
tion, leading to considerable cost savings and environmental benefits 
[283,285–293,312–327]. Thus, the confluence of machine learning and 
AM unlocks a realm of opportunities, leading to more efficient pro-
cesses, improved quality, and innovative possibilities in design and 
materials. In this section, we endeavor to present a comprehensive 
overview of the applications of machine learning techniques within the 
diverse domains of AM processes. This synthesis draws on the most 
recent scholarly literature, offering a critical examination of current 
trends. Additionally, this discussion includes our insightful projections 
on promising and impactful research directions that are either currently 
under active exploration or possess significant potential for the future 
development of AM.

3.1.1. Research domain

In this section, we will explore the wide-ranging applications of ma-
chine learning in AM. Machine learning techniques have revolutionized 
the AM landscape, offering significant advancements in material analy-
sis and selection, design optimization, process parameter optimization, 
defect detection and real-time monitoring, and sustainability as shown 
in Fig. 3. By harnessing the power of machine learning algorithms, 
researchers and industry professionals have been able to enhance the 
quality, efficiency, and overall performance of AM processes.

One of the primary applications of machine learning in AM is in the 
domain of defect detection and real-time monitoring. With the ability to 
analyze large volumes of data and detect subtle patterns, machine learn-
ing algorithms enable automated inspection of manufactured parts, en-
suring high-quality outputs and minimizing human errors [277]. These 
algorithms can quickly identify defects or anomalies in the manufac-
turing process, allowing for timely corrective actions [278,279,284]. 
By reducing the reliance on manual inspection and streamlining the 
quality assurance process, machine learning significantly improves the 
efficiency and reliability of AM [281,307–310].

Another crucial research domain where machine learning has made 
significant contributions is process parameter optimization. AM pro-
cesses involve a multitude of parameters that can affect the final pro-
duct’s quality and performance. Machine learning algorithms can an-
alyze historical data on process parameters and their corresponding 
outcomes to identify the optimal parameter settings [283,285–293]. 
By leveraging insights learned from the data, machine learning algo-
rithms can adjust the parameters in real-time, leading to improved 
process efficiency, reduced material waste, and enhanced product qual-
ity [312–340].

In addition to defect detection and process parameter optimization, 
machine learning techniques have found applications in design opti-
mization [294–301]. By integrating machine learning algorithms with 
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design tools, engineers and designers can explore vast design space 
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Fig. 3. Research domain of machine learning in additive manufacturing.

and identify optimal designs for AM. Machine learning algorithms can 
consider various factors such as manufacturability, material usage, and 
performance characteristics to generate designs that are both functional 
and efficient in terms of AM processes. This approach enables the cre-
ation of complex geometries and customized designs that maximize the 
capabilities of AM.

Material analysis is another domain where machine learning plays a 
vital role in AM [302–304]. Machine learning algorithms have been em-
ployed to analyze the properties of different materials used in AM pro-
cesses. By considering various material characteristics, such as strength, 
thermal properties, and chemical composition, machine learning mod-
els can assist in identifying the most suitable materials for specific 
applications, optimizing material selection, and even predicting mate-
rial behavior under different conditions.

Furthermore, sustainability is a growing concern in the field of AM, 
and machine learning can contribute to addressing these challenges 
[305,306,341–347]. Machine learning is being employed to enhance 
sustainability in AM by reducing material waste and energy consump-
tion. By predicting potential sources of waste and inefficiencies in the 
process, machine learning models can guide process improvements that 
lead to a more environmentally friendly and sustainable AM practice.

In conclusion, machine learning has significantly advanced AM by 
enhancing defect detection, process parameter optimization, design op-
timization, material analysis, and sustainability. It has greatly improved 
the quality, efficiency, and sustainability of AM processes, offering new 
opportunities for complex designs. Continued research in this field holds 
great potential for further advancements in AM with the help of ma-
chine learning techniques.

3.1.2. Machine learning methods

Machine learning methods commonly used in AM encompass var-
ious approaches. These include supervised learning methods such as 
k-Nearest Neighbors (k-NN) [322], Support Vector Machines (SVM) 
[322,330], Random Forests (RF) [322], Decision Trees (DTree) [295,
297,304,346], Linear Regression (LR) [322], and Gaussian Process 
Regression (GPR) [322,327]. Deep Learning (DL) methods, such as 
neural networks (NN) [296,299–301] and Convolutional Neural Net-
works (CNN) [337,339], are also prevalent. Gaussian Process (GP) 

methods utilize Gaussian distributions for regression and optimization 
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tasks [324,325,331,333–335]. Additionally, Particle Swarm Optimiza-
tion (PSO) [342] and Bayesian Networks (BN) [338] are employed. 
These methods are utilized for defect detection, real-time monitoring, 
quality assessment, process parameter optimization, design optimiza-
tion, material analysis, and sustainability aspects in AM.

The selection of a specific method depends on the goals and re-
quirements of the application at hand. In supervised learning, machine 
learning models are used to predict the properties of interest based on 
a labeled dataset. The model is trained on a collection of data-label 
pairs. Data can take various forms, such as fields, vectors, images, and 
graphs. Supervised learning is typically divided into two main cate-
gories: regression and classification, depending on the type of labels. 
In the context of data-driven additive manufacturing, supervised learn-
ing is often employed to establish relationships between parameters and 
performance. The data set usually describes a shape, represented by its 
parameterization, and describes the quantity of interest, such as elastic 
components or response spectra. A key motivation for supervised learn-
ing is to replace resource-intensive cell evaluation processes with faster 
alternative models. The types of models are primarily based on neural 
networks, sometimes also based on Gaussian Processes. Once trained on 
a large dataset, data-driven models can instantly predict the properties 
of unseen cells.

In contrast to supervised learning, unsupervised learning extracts 
information from unlabeled data and is mainly applied to learning 
the complex processes of additive manufacturing. Common unsuper-
vised learning models include autoencoders, variational autoencoders, 
and generative adversarial networks. An autoencoder is a type of neu-
ral network that uses an encoder-decoder architecture to extract low-
dimensional latent variables from input data. Variational autoencoders 
are a type of deep generative model that generates new data by sam-
pling low-dimensional latent variables that follow well-defined distribu-
tions. Therefore, compared to traditional additive manufacturing opti-
mization, the latent representations learned by variational autoencoders 
are often more efficient and interpretable, especially considering high 
design complexity and degrees of freedom. Semi-supervised learning is 
a machine learning method trained on partially labeled data so that the 
model can predict the labels of unlabeled data.

Compared to pure supervised and unsupervised learning, the advan-
tage of semi-supervised learning lies in its ability to leverage additional 
information provided by unlabeled data to improve model performance. 
Semi-supervised learning bridges the gap between these two approaches 
by incorporating both labeled and unlabeled data into the training pro-
cess. The presence of unlabeled data allows the model to learn from 
a larger dataset, capturing more comprehensive and nuanced patterns 
within the data. This can be particularly beneficial in scenarios where 
obtaining labeled data is challenging or costly, but unlabeled data is 
abundant.

The core idea of reinforcement learning is to simulate an agent in-
teracting with an environment, learning how to maximize cumulative 
rewards by trying different actions. Typically, reinforcement learning 
is used to solve sequential decision-making problems, where the agent 
needs to select the optimal action among a series of decisions to achieve 
specific goals.

The machine learning methods that are commonly used in AM are 
listed in Fig. 4 and the machine learning methods for different research 
domains and different goals are shown in Table 3.

3.1.3. Data limitation in additive manufacturing

Collecting extensive datasets for AM processes presents a significant 
challenge due to various factors, including process diversity and the 
resource-intensive nature of experimentation. Unlike sectors like retail 
or streaming services, where vast amounts of data are readily available 
from millions of customers, manufacturing, including AM, is character-
ized by its segmented nature. Moreover, within the realm of AM, there 
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exist numerous categories based on material, technology, and hardware, 
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further complicating data collection efforts. Consequently, AM primar-
ily deals with what can be termed as “small data.”

The limitations posed by small data in AM necessitate the devel-
opment of techniques to overcome these challenges. Machine learning 
models typically perform more robustly when trained on large volumes 
of data. Therefore, strategies must be devised to augment datasets and 
address data imbalances, enabling the effective utilization of ML algo-
rithms for process optimization and quality control. Several approaches 
have been proposed to mitigate data limitations in AM [357], including 
experiment modularization, physics-informed machine learning, data 
augmentation, synthetic data generation, transfer learning, data-centric 
machine learning models.

3.2. Material analysis

AM has revolutionized the manufacturing industry by enabling the 
production of complex parts with unprecedented design freedom. Vari-
ous materials, including polymers [358–369], metal [370–376], ceram-
ics [377–381], concrete [382–384], ice [385–387], wood [388–390], 
and even sugar [391,392], as well as their combinations, are utilized 
in AM applications, and ongoing efforts are focused on developing new 
materials to expand the capabilities of the technology. The choice of 
materials in AM significantly impacts the performance and properties 
of the final parts [393]. To optimize the manufacturing process and 
ensure high-quality results, it is crucial to analyze and understand the 
relationships between material chemistry, material characteristics, and 
the performance of the printed parts using the available material data.

Most of the current material analysis for AM using machine learn-
ing focuses on metal powder material analysis in metal 3D printing 
[394]. This is because metals AM has brought about a paradigm shift 
in the manufacturing of metal components, offering unique advantages 
such as the simultaneous fabrication of materials and parts using a sin-
gle machine and the ability to produce highly complex geometries. 
However, ensuring the consistency and quality of parts and materials 
remains an ongoing challenge in many applications of metal AM. To 
address this challenge, Integrated Computational Materials Engineering 
(ICME) approaches have been instrumental in accelerating the develop-
ment and adoption of materials technologies [395–398]. Traditionally, 
ICME approaches have relied on physics-based experimental data and 
simulations to understand the relationship between material properties 
and processing conditions [399]. However, in the context of metals AM, 
where the physics are still being discovered, the development of com-
putationally feasible physics-first ICME approaches remains an open 
challenge. Additionally, the wealth of data generated in the field of 
AM presents its own challenges, as the ability to store and analyze 
this data is being pushed to its limits. Nevertheless, this abundance 
of data has sparked a paradigm shift towards incorporating machine 
learning into ICME approaches, enabling the extraction of valuable 
insights and the development of comprehensive and computationally 
feasible models. Motaman et al. [400] demonstrated a multi-scale and 
multi-physics ICME approach, highlighting the linkages between the 
different stages of the process–structure–properties–performance chain. 
They also proposed a hybrid physics-based and data-driven strategy for 
optimal component design. Wang & Xiong [401] developed a method to 
optimize the composition of pre-alloyed powders in AM by employing 
a CALPHAD-based ICME framework. The high-strength low-alloy steel 
was used as a case study, and process–structure–property relationships 
were analyzed for various compositions. Critical properties, including 
yield strength, impact transition temperature, and weldability, were 
evaluated to optimize the composition. The optimized composition in-
creased the probability of successful AM builds by 44.7%. While current 
machine learning applications in material analysis for AM largely focus 
on metal powder characterization, further exploration, and research are 
needed to unlock the full potential of leveraging machine learning for 

material analysis, including analyzing material composition for alloy 
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Fig. 4. Machine learning methods for additive manufacturing.
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Table 3

Application of machine learning in additive manufacturing.

Direction AM processes Materials Data type ML methods Goal Refs

Defect detection & real-time 
monitoring

Powder bed fusion SS316L acoustic emission k-NN, DL, GPR quality [277]

images CA quality [279]
images SVM, ANN quality [278]
printing parameters SVM quality [284]

SS304L acoustic emission SVM quality [307]
Ti-6Al-4V images SVM quality [308]

images SVM, k-NN, ANN quality [281]
images k-NN, SVM quality [309]
acoustic emission ANN quality [310]

Inconel 625 printing parameters ANN quality [311]
Al-5083 image DTree quality [282]

Material extrusion Carbon fiber reinforced 
polymer

real-time images DL quality [280]

ABS images k-NN, SVM, RF quality [348]
process parameter SVM quality [349]

Binder jetting SS316L images CNN quality [350]
Directed energy deposition Ti-6Al-4V images, optical data SVM quality [351]

optical emission DL, CA quality [352]
Vat photo-polymerization Liquid resin videos DL quality [353]

image GPR quality [354]
Material jetting liquefied metal video DL quality [355]

Dimatix images ANN quality [356]

Process parameter 
optimization

Powder bed fusion SS316L process parameters GPR quality [283]

process parameters GPR quality [285]
process parameters DTree, k-NN, LR quality [286]
process parameters BN quality [287]
process parameters SVM, DL, DTree, GPR quality [288]
images & data DL quality [289]
process parameters GPR property [290]
process parameters GPR quality [291]
process parameters GPR quality [283]
process parameters GPR quality [292]
process parameters ANN, RF, SVM property [293]

Inconel 625 & 718 process parameters SVM, DTree, LR quality [312]
Inconel 625 process parameters GA quality [313]
Inconel 718 process parameters DL property [314]

process parameters GA quality [315]
NiTi SMA process parameters DL quality [316]
AlSi10Mg process parameters GPR property [317]
Ti-6Al-4V process parameters ANN property [319]

process parameters GA property [318]
process parameters ANN property [319]
process parameters GPR property [320]

CoCr process parameters SVM quality [321]
Material extrusion PLA sensor data SVM, LR quality [322]

process parameter DL property [323]
process parameter GPR quality [324]
shape GPR quality [325]

ABS process parameter GA quality [326]
Silicone process parameter GPR property [327]

Binder jetting Co-Cr-Mo process parameters ANN quality [328]
Directed energy deposition Copper alloy process parameters SVM quality [329]

Al 4043 process parameters SVM model [330]
Al 5356 process parameters GPR quality [331]
SS304L process parameters GA property [332]
SS316L process parameters GPR quality [333]
Ti–Mn alloy process parameters GPR property [334]

Material jetting Silver process parameters GPR quality [335]
Glycerol process parameters DL quality [336]

Vat photo-polymerization Liquid resin images DL property [337]
CAD model BN quality [338]
CAD model DL quality [339]
process parameter GA quality [340]

Design optimization Powder bed fusion AlSi10Mg CAD model SVM design [294]
Inconel 625 images DTree design [295]

Material extrusion ABS 3D coordinates DL design [296]
build orientation ANN, BN design [297]

− − CAD model DL property [298]
CAD model GPR design [299]
CAD model DL design [300]
images DL design [301]
11
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Table 3 (continued)

Direction AM processes Materials Data type ML methods Goal Refs

Material analysis Powder bed fusion − radiation SVM classify [302]
images SVM classify [303]
features DTree classify [304]

Sustainability Material extrusion PLA process parameter GA cost [305]
ABS process parameter GA cost [306]

Directed energy deposition Inconel 718, Ti–6Al–4V process parameter GA efficiency [341]
Vat photo-polymerization Liquid resin process parameter PSO efficiency [342]

process parameter DL efficiency [343]
process parameter XGBoost, CA efficiency [344]

− − CAD model GA cost [345]
CAD model DTree efficiency [346]
process parameter DL efficiency [347]
development and modeling the intricate relationships between material 
chemistry, properties, and the performance of the final printed parts.

Some other researches focus on the material properties prediction of 
AM. Jiang et al. [402] utilized machine learning models to predict the 
amorphization of crystalline drug formulations and the chemical stabil-
ity of subsequent amorphous solid dispersions (ASDs) prepared through 
hot-melt extrusion (HME). They trained the ML models using a dataset 
of 760 formulations containing 49 active pharmaceutical ingredients 
(APIs) and various excipients. The best ML model achieved an accuracy 
of 92.8% in predicting amorphization and 96.0% in estimating chem-
ical stability. Feature importance analyses revealed critical processing 
parameters and material attributes for accurate predictions. The study 
highlights the potential of ML in facilitating the development of chem-
ically stable ASDs through HME, reducing the laborious trial-and-error 
approach traditionally used in ASD development. Chernyavsky et al. 
[403] developed a heteroscedastic Gaussian process (HGP) model to 
predict microstructural properties, specifically amorphicity, of a glass-
forming alloy fabricated through laser powder bed fusion. The HGP 
model accurately predicted mean amorphicity and quantified uncer-
tainty, facilitating the assessment of dataset quality and identification 
of underlying physical phenomena. The results of HGP prediction are 
demonstrated in Fig. 5.

Additionally, machine learning also has a broad application in the 
material classification of AM. Schmidt et al. [404] utilized acoustic 
emissions for material classification and quality monitoring in laser 
AM. Acoustic emissions were recorded and processed using fast Fourier 
transformation. Machine learning models were trained and achieved 
high accuracy in classifying materials (up to 0.99) and process quality 
(up to 0.81). Vrábel et al. [302] explored the use of laser-induced break-
down spectroscopy (LIBS) for material analysis in SLM. The elemental 
composition of raw materials and constructed parts is obtained from 
LIBS measurements. Multivariate data analysis algorithms, including 
principal component analysis and support vector machines, are em-
ployed for data processing and classification.

In conclusion, material analysis plays a crucial role in AM to op-
timize the manufacturing process and ensure high-quality results. Ma-
chine learning techniques have been applied to analyze and understand 
the relationships between material chemistry, characteristics, and per-
formance in AM. Current research in material analysis has primarily 
focused on metal powder characterization, while further exploration 
is needed to leverage machine learning for material composition anal-
ysis and modeling the relationships between material properties and 
final part performance. Additionally, machine learning has been applied 
in predicting material properties and classifying materials in AM pro-
cesses, offering potential improvements in efficiency and quality con-
trol. The integration of machine learning with integrated computational 
materials engineering approaches has shown promise in advancing the 
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understanding and optimization of AM processes.
3.3. Design optimization

Design optimization for AM [299] takes advantage of the unique ca-
pabilities of AM technologies to optimize the design of parts or products 
that are stronger, lighter, and more efficient than traditional manufac-
turing methods. Design optimization for AM is a critical aspect of AM, 
as it can significantly impact the performance and functionality of the 
final product [405].

The entire AM pipeline is shown in Fig. 6. In our paper, design 
optimization for AM mainly focuses on shape computational optimiza-
tion [406] adopting machine learning methods. This can include op-
timizing the shape [407], topology [408] of the part to improve its 
strength, reduce its weight or improve its functionality. According to 
the pipeline of AM, the process of computational optimization is di-
vided into the following steps:

• Input optimization including macrostructure/material (microstruc-
ture) optimization [409–413]. AM processes, such as 3D printing, 
can produce intricate geometries that are difficult or impossible to 
achieve using traditional manufacturing methods. Input optimiza-
tion can help take advantage of these capabilities by designing 
structures that are optimized for the specific AM process being used 
while obtaining higher stiffness.

• Segmentation/package optimization [414,415]. These techniques 
involve breaking down a large part into smaller segments or opti-
mizing the layout of multiple parts within a build volume to achieve 
better use of the available space.

• Optimization of the print direction [416–418]. It is to optimize the 
orientation of a part during printing, with the goal of improving its 
mechanical properties and reducing the need for support structures.

• Slice optimization [419–421]. It involves breaking down a 3D 
model into individual layers for printing. The goal of slice optimiza-
tion is to achieve better print quality and reduce printing time and 
material usage.

• Path planning optimization [422–425]. It involves analyzing the ge-
ometry of the part being printed and selecting the optimal path for 
the print head to follow during printing. The goal of path planning 
optimization is to reduce printing time, improve print quality, and 
reduce the wear and tear on the print head.

3.3.1. Geometric processing based on machine learning

This section delves into the remarkable synergy between geomet-
ric processing and ML, focusing on key optimization domains. From 
package segmentation to path planning, the integration of ML not only 
enhances these processes but also marks a paradigm shift in how AM 
leverages computational intelligence to propel manufacturing excel-
lence. Through a comprehensive exploration of package/segmentation 
optimization, printing orientation optimization, slicing optimization, 
and path planning optimization, this section unveils the transformative 

power of ML-driven geometric processing, underscoring its potential to 
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Fig. 5. Predicting materials characteristics and their uncertainty by HGP [403]. (a). HGP model predictions for mean values of amorphicity and its total uncertainty. 
(b). Two-dimensional contour maps of HGP model predictions for mean values of amorphicity and its total uncertainty. (c). Position-resolved aleatoric and epistemic 
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uncertainties predicted by the HGP model.
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Fig. 6. Design process of additive manufacturing technology.
revolutionize the landscape of AM. Fig. 7 illustrates a selection of rep-
resentative research examples in the field.

3.3.1.1. Package/segmentation optimization For larger objects, it may 
be possible to print the object in smaller sections and then assemble 
them together. This requires breaking down the object into smaller 
pieces and then printing each section separately. Once all sections are 
printed, they can be assembled to create the final object. However, this 
requires careful planning and assembly to ensure that the pieces fit to-
gether correctly. Object segmentation from AM is an extensive task in 
deep learning. Guo et al. [426] proposed a new method to find the opti-
mal build orientation for each submodel, based on a modified curvature 
shift strategy and weight factors for every flat facet of the regions. The 
aim is to improve surface quality, reduce printing costs, and eliminate 
the need for support structures. Li et al. [415] proposed a 3D model 
segmentation method based on deep learning to improve the surface 
quality and reduce the support structure of 3D printed models. The 
proposed method uses pre-segmentation and an Affinity Propagation 
clustering method to segment a product model into several parts, which 
is validated by printing samples. Ng et al. [432] explored the integra-
tion of deep learning into 3D bioprinting, from image segmentation to 
tissue maturation. The paper discusses practical guidelines and poten-
tial applications, highlighting synergistic interactions between biology, 
materials, and computational design.

3.3.1.2. Printing orientation optimization Optimizing the orientation of 
a 3D model for printing involves considering various factors such as sta-
bility, support requirements, surface details, and print time. To ensure 
maximum stability during printing, the orientation should be chosen 
carefully. Similarly, minimizing the need for support structures is im-
portant, as is ensuring that the surface details of the final product are as 
smooth as possible. Finally, minimizing print time is essential to keep 
costs low and avoid quality problems.

Based on these factors, the 3D model can be rotated and adjusted 
in the 3D printing software to find the optimal orientation for printing. 
The software can also simulate the printing process to check for stability 
and identify areas that may require additional support structures. Zhang 
et al. [427] proposed a perceptual model to find optimal 3D printing ori-
entations that avoid placing supports in perceptually significant regions, 
resulting in fewer surface artifacts. The model is formulated as a com-
bination of metrics that include support area, visual saliency, preferred 
viewpoint, and smoothness preservation. The study demonstrates the 
performance of this model on natural and man-made objects. Malviya 
et al. [297] proposed a machine learning-based framework to optimize 
the build orientation in FDM components by maximizing the minimum 
Factor of Safety. An ANN coupled with a Bayesian algorithm is used for 
acceleration, and experiments show effective optimization with limita-
tions. Rezaei et al. [433] proposed an autonomous system that utilizes 
artificial intelligence to decide the build orientation of a shape based 
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on similar parts previously encountered. Orientation of the part to be 
printed is very important for reducing energy consumption. Based on 
this, the paper [434] explored the use of twelve machine learning algo-
rithms to optimize energy consumption in AM processes, specifically the 
FDM process. The Gaussian process regressor model was found to esti-
mate energy consumption with high accuracy. Shi et al. [428] proposed 
a reinforcement learning (RL) framework for optimal build orientation 
in 3D printing to address local optimization and trial and error issues. 
The proposed method outperforms existing approaches and can quickly 
discover optimal global solutions and generalize beyond the training 
environment.

3.3.1.3. Slicing optimization Slicing optimization is used to convert the 
CAD model into a series of layers depending on the type of slicing strat-
egy used. The most commonly used slicing method is planner slicing 
which slices the model into parallel layers. The thickness of each layer 
can be adjusted to control the objects’ details. By optimizing the slic-
ing parameters, it is possible to achieve higher quality and accuracy 
in the final 3D print, while minimizing material usage and print time. 
Checa et al. [435] proposed a strategy to select the best cutting tool de-
sign and cutting parameters using experimental tests, machine learning 
modeling, and virtual reality visualization to optimize power consump-
tion. Tamir et al. [436] presented open-loop and closed-loop machine 
learning models to monitor the effects of processing parameters on the 
quality of 3D printed parts, allowing a closed-loop control system in 
AM. Jin et al. [437] proposed machine learning algorithms to precisely 
detect and localize in-plane printing conditions such as over-extrusion 
and under-extrusion in fused filament fabrication. The system provides 
real-time defect information and has the potential for automated con-
trol and correction.

3.3.1.4. Path planning optimization 3D printing path planning based on 
machine learning involves developing a model that learns from previ-
ous 3D printing jobs to suggest the most efficient printing path for a 
new object. To do this, the machine learning model analyzes the char-
acteristics of the object being printed, such as its shape and size, and 
takes into account factors such as the type of material being used, the 
printer’s capabilities, and any design constraints. It then uses this in-
formation to generate a printing path that minimizes printing time, 
reduces material waste, and improves the overall quality of the final 
product. Patrick et al. [438] proposed the use of reinforcement learn-
ing, a type of machine learning, to generate toolpaths for 3D printing. 
RL involves two agents, the actor and the critic, learning to maximize 
a score based on the actions of the actor in a defined space, and in 
this context, the actor will learn to find the optimal toolpath to re-
duce printhead lifts and print time. Fok et al. [439] introduced using 
artificial neural networks to improve the efficiency of the optimiza-
tion process. The optimization process is computationally intensive, and 
heuristics and metaheuristics are typically used to generate suboptimal 
results. Ge et al. [430] described an intelligent path planning method 

called Q-Path, which uses reinforcement learning to find optimal so-
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Fig. 7. Geometric optimization based on machine learning. (a). Segmentation methods using k-means, modified Cs and the Reeb graph method [426]. (b). Seg-
mentation methods using clustering [415]. (c). Optimal 3D printing orientations generated by MeshMixer (top) and Perceptual Models (bottom) [427]. (d) Support 
optimization with different build orientations by random search, RotNet, genetic algorithm, and facet clustering [428]. (e). Zigzag toolpath along the vertical and 
horizontal direction and selected temperature distribution (green point) and adaptive toolpath calculated by objective functions and selected temperature distri-
bution (green point) [429]. (f). The path plans using three algorithms in order: ZigZag-Path, Fleury-Path, and Q-Path [430]. (g). Reverse engineering of additive 
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manufactured composite part by toolpath reconstruction using imaging and machine learning [431].
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lutions while adhering to 3D printing constraints, such as minimizing 
printhead lifts and turns. Xie et al. [440] presented a tool path pat-
tern recommendation method based on deep learning neural networks 
that utilize 3D point cloud segmentation and classification and transfer 
learning to identify object features and improve performance. Yana-
mandra et al. [431] focused on using imaging and machine learning to 
reverse engineer composite material parts made through AM. The aim is 
to reconstruct not only the geometry, but also the tool path of 3D print-
ing, to prevent unauthorized production. The method achieves a high 
level of dimensional accuracy. Crockett et al. [441] proposed a varia-
tion of k-means clustering for object division to reduce print time in 3D 
printing. The algorithm considers the balance of workload and discrete 
build areas for parallel construction. The method is tested on several 
models to compare workload across the number of build points. Qin 
et al. [429] proposed adaptive toolpath generation algorithms for laser 
powder bed fusion to reduce part distortion. The algorithms are based 
on minimizing thermal gradients and include collision-free and smooth-
ing constraints. Experimental results show that the proposed algorithms 
reduce distortion compared to traditional zigzag- and chessboard-based 
patterns and can be extended to fabricate complex 3D geometries.

3.3.2. Topology optimization for properties based on machine learning

Topology optimization is a layout optimization method to find the 
shape and material distribution of a structure to achieve the best perfor-
mance targeting minimizes weight, maximizes stiffness or strength, and 
minimizes stress concentrations under certain constraints. It is a promis-
ing field in engineering and computational mechanics, which emerged 
in the 1980s [442] and 1990s [443]. However, the idea of optimizing 
structures for maximum performance has been around for centuries. 
When combined with AM and machine learning, topology optimization 
can become even more powerful, allowing for the creation of parts that 
are optimized specifically for AM processes quickly and efficiently.

Machine learning has the potential to significantly enhance topology 
optimization by providing more accurate and efficient optimization al-
gorithms, as well as enabling new types of design and material optimiza-
tions. One benefit of using machine learning in topology optimization 
is the ability to incorporate large amounts of data into the design pro-
cess. Machine learning algorithms can be trained on data from previous 
designs and simulations to learn patterns and correlations that can be 
used to inform new designs. This can lead to faster and more accurate 
optimization results, as well as the discovery of new design possibili-
ties that might not have been apparent through traditional optimization 
techniques. Another benefit of machine learning in topology optimiza-
tion is the ability to optimize material distributions and designs for 
multiple objectives simultaneously. This is particularly useful in multi-
physics problems where there are multiple competing objectives, such 
as minimizing weight while maximizing stiffness or reducing cost while 
maintaining performance. Machine learning algorithms can optimize 
designs for these multiple objectives simultaneously, resulting in more 
efficient and effective designs. Overall, the benefits of machine learning 
in topology optimization include faster and more accurate optimiza-
tion results, the discovery of new design possibilities, and the ability 
to optimize for multiple objectives simultaneously. Machine learning 
can also optimize the manufacturing process for topology-optimized de-
signs, leading to more efficient and cost-effective manufacturing.

Despite the promising potential of machine learning in topology 
optimization, there are still several limitations that require attention 
in current research. A notable limitation pertains to the scarcity of 
ML applications specifically tailored for AM in topology optimiza-
tion. While deep learning techniques have made progress in generating 
topologically-optimized designs, the majority of these efforts have con-
centrated on 2D structures [444–457]. Given that AM encompasses 
three-dimensional fabrication, the extension of topology optimization 
to 3D structures becomes imperative for fully capitalizing on the advan-
tages of AM. However, the introduction of an additional dimension in 
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the design space presents challenges for machine learning algorithms to 
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effectively conduct TO. Furthermore, the resolution of optimized struc-
tures remains constrained [458], thereby impeding the implementation 
of topology optimization in more intricate designs.

In this section, we will explore the application of machine learning 
in topology optimization from two aspects: macro-structure and micro-
structure topology optimization.

3.3.2.1. Macro-structures topology optimization Macro-scale topology 
optimization is a design approach that seeks to optimize the overall 
shape and layout of large structures, such as buildings or bridges, in 
order to achieve a desired performance objective [459,460]. Machine 
learning-based macro-scale topology optimization methods use algo-
rithms that can learn from data to generate optimized designs based on 
those data [461,462]. Machine learning has been developed to automat-
ically detect patterns in the data to accurately predict the distribution of 
material under different forces and boundary conditions. Recent years 
have witnessed a number of studies devoted to applying ML techniques 
to solve topology optimization problems as illustrated in Fig. 8.

Some research work [97,98,469–472] reviewed the progress in us-
ing deep learning for photonic design and highlights key applications, 
challenges, and perspectives. Sosnovik and Oseledets [463] adopted 
the convolution neural network to determine the distribution of the 
material. The deep learning method is used to speed up the whole 
optimization process. Lei et al. [464] adopted machine learning to 
achieve real-time structural topology optimization using an explicit 
framework and regression models, resulting in reduced training data 
and the potential for intuitive understanding. Examples demonstrate 
effectiveness. Yu et al. [465] proposed a deep learning-based method 
for predicting optimized structures without iterative schemes. Using an 
open source optimization code, a CNN-based encoder and cGAN net-
work are trained to produce near-optimal structures with negligible 
computational time. Wang et al. [454] proposed a lightweight and high-
efficiency CNN, the convolutional block attention (Cba-U-Net) model, 
for predicting topology-optimized configurations in real time, achieving 
accuracy rates of 91.42%, and being suitable for various optimization 
algorithms. It demonstrates the potential of combining deep learning 
with topology optimization for large-scale projects. Xing et al. [473]
adopted an autonomous learning and prediction (ALP) scheme for ma-
chine learning-assisted structural optimization (MLaSO) to reduce total 
computational time while maintaining prediction accuracy. Four nu-
merical examples demonstrate the benefits of integrating ALP with 
gradient-based MLaSO. Yoo et al. [474] presented a topology control 
system for drone networks to optimize connectivity between drones 
from the perspective of interference and energy consumption. The sys-
tem uses reinforcement learning (DDPG) to adaptively conduct connec-
tivity optimization, minimizing learning time by changing the number 
of learning steps. The proposed system was verified through simulation 
experiments and theoretical analysis on various topologies consisting of 
multiple UAVs.

Overall, machine learning-based macro-scale topology optimization 
has the potential to significantly improve the design process for large 
structures, but it requires careful consideration of computational re-
sources and validation to ensure the accuracy and feasibility of the 
resulting designs. Additionally, the incorporation of expert knowledge 
and engineering principles is still necessary to ensure that the designs 
are practical and can be implemented.

3.3.2.2. Micro-structure topology optimization Meta-materials have
unique properties that make them useful in a variety of applications, 
including aerospace, biomedical, and marine engineering. However, 
designing meta-materials with desired properties can be challenging, 
because of the complex and intricate structure of these materials. 
Machine learning has been explored as a potential solution to this chal-
lenge. Researchers have developed various methods to use machine 
learning algorithms to generate meta-materials with specific prop-

erties, such as high refractive index or negative permittivity [475], 
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Fig. 8. Topology optimization based on machine learning. (a). Results of the application of neural networks for topology optimization [463]. (b). Using ML-predicted 
results as initial design for direct optimization [464]. (c). Deep learning for determining a near-optimal topological design without any iteration [465]. (d). Topology 
optimization results of MMC and three deep learning models [454]. (e). Post-processed results of L-shaped beam design with machine learning combined topology 
optimization for the functionally graded composite structure with cross-shaped fiber layout and the fiber-reinforced composite structure with fixed fiber volume 
fraction [466]. (f). Cantilever model optimization and MBB beam model using machine learning combined topology optimization with 1, 30, 80, 200 steps [410]. (g). 
The final bridge designs obtained from the standard and machine learning-based approaches for cases [444]. (h). Results for the MBB beam domain obtained through 
the ML-driven topology optimization. [449] (i). Optimized results for topology optimization using neural networks [467]. (j). Machine learning-based parameter 
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tuning strategy for MMC-based topology optimization [468].
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auxetic properties [476], maximum bulk/shear modulus [446], which 
are demonstrated in Fig. 9. These methods include the use of adversar-
ial generative networks [477–479], deep neural networks [480–482], 
and reinforcement learning [483–486].

While these approaches have shown promise, there are still some 
limitations to using machine learning for meta-materials generation. 
One limitation is the need for large amounts of training data to train 
the machine learning algorithms effectively. Another limitation is the 
computational resources required to run the algorithms, which can be 
time-consuming and costly. Overall, the use of machine learning for 
meta-materials generation is an exciting area of research with promising 
potential. Further advancements in this area could lead to the develop-
ment of new and improved meta-materials with tailored properties for 
specific applications.

3.3.3. Section conclusion

Design optimization is a pivotal aspect of AM, harnessing the unique 
capabilities of AM technologies to produce stronger, lighter, and more 
efficient parts compared to traditional manufacturing methods. By 
adopting machine learning methods, researchers and industry profes-
sionals have made significant advancements in shaping computational 
optimization for AM. This optimization encompasses various steps, 
including macrostructure/material (microstructure) optimization, seg-
mentation/package optimization, print direction optimization, slice op-
timization, and path planning optimization.

Geometric processing based on machine learning has shown promis-
ing results in package/segmentation optimization, enabling the design 
of complex structures while reducing support structures and improv-
ing surface quality. Moreover, machine learning has proven valuable 
in printing orientation optimization, predicting optimal orientations 
to achieve stability, minimize support structures, and enhance sur-
face details. Slicing optimization has benefited from machine learning 
techniques, leading to improved 3D print quality, reduced material us-
age, and shorter print times. Additionally, machine learning-based path 
planning optimization has enabled the selection of efficient printing 
paths, further enhancing print quality and minimizing print time and 
material consumption.

At the macrostructures level, machine learning-driven topology op-
timization has demonstrated the ability to optimize the overall shape 
and layout of large structures with multiple objectives and constraints, 
offering a powerful tool for engineering design. However, addressing 
computational complexity and ensuring interpretability remains a fo-
cus of ongoing research. On the microstructure front, machine learning 
methods have been applied to design metamaterials with tailored prop-
erties, showcasing potential for various applications. Challenges, such 
as the need for substantial training data and computational resources, 
persist and call for further investigation.

As AM and machine learning technologies continue to evolve, design 
optimization is set to play an increasingly critical role in revolutioniz-
ing various industries. By combining the strengths of AM and machine 
learning, researchers aim to create innovative products with improved 
performance and sustainability, advancing the realm of AM and its real-
world applications.

3.4. Process optimization

Process parameter optimization (PPO) is a crucial aspect of AM that 
can lead to significant benefits for manufacturers. First, the optimiza-
tion of process parameters in AM can help improve the quality of the 
finished product [130]. This is because the right combination of pro-
cess parameters can result in reduced porosity, improved surface finish, 
and better dimensional accuracy. By optimizing process parameters, 
manufacturers can ensure that their products meet the required spec-
ifications, and are free from defects that may arise due to improper 
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process parameter settings. PPO can also help to reduce manufacturing 
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costs. By identifying the optimal settings for process parameters, man-
ufacturers can achieve better process efficiency, reduce material waste, 
and minimize the need for post-processing operations. This can result in 
significant cost savings, particularly for high-volume production runs.

However, the optimization of process parameters in AM is a com-
plex problem. One of the challenges is that AM processes involve a 
multitude of variables that can impact the quality of the final product 
[491]. Another challenge in optimizing process parameters is the need 
to balance conflicting objectives [492]. There are often trade-offs be-
tween different aspects of the print. For example, optimizing for print 
strength may require sacrificing print speed or resolution. Similarly, 
optimizing for print quality may require sacrificing production speed 
or material usage. These trade-offs can make it difficult to find the op-
timal set of parameters that balance all of the competing objectives. 
Also, the range of materials and techniques that are used in AM is one 
of the reasons for this complexity. Each material and technique has its 
own unique set of process parameters that need to be optimized for the 
best results. Another challenge in optimizing process parameters is the 
lack of standardization in the industry [493]. While there are some gen-
eral guidelines for process parameters, each manufacturer and printer 
model may have different optimal settings. This means that optimiza-
tion often requires a great deal of trial and error, as well as careful 
observation and analysis of the results. Besides, the optimization of pro-
cess parameters is not a one-time event. As materials, printer models, 
and techniques continue to evolve, the optimal process parameters will 
also change. This means that manufacturers and researchers must con-
tinually monitor and update their process parameter settings to ensure 
that they are using the most up-to-date and effective methods. As a re-
sult, researchers are exploring various optimization methods to find the 
best set of parameters that achieve the desired trade-off between these 
objectives.

In this section, we will thoroughly explore the concept of process 
parameter optimization for AM, addressing it from three distinct but 
interconnected perspectives. Firstly, optimization objectives will be dis-
cussed, that is the specific goals and performance benchmarks we aim to 
achieve with optimization, as these factors directly influence the qual-
ity and applicability of the printed part. Secondly, optimization process 
parameters in the AM process that can be adjusted to drive better out-
comes will be examined in detail. The careful control and adjustment 
of these parameters is crucial to ensure optimal results. The overview 
of optimized process parameters and optimization objectives in process 
parameter optimization of AM is illustrated in Fig. 10. Lastly, optimiza-
tion methods will be explored into the computational and mathematical 
models or strategies employed to systematically determine the best 
combination of parameters that yield optimal results. This segment 
focuses on the role of advanced techniques like machine learning in 
modeling the complex relationship between process parameters and the 
properties of the final part. These three components together form a 
holistic approach to process parameter optimization in AM, providing 
a nuanced understanding of how to achieve the best possible product 
performance and quality.

3.4.1. Optimization objectives

The main objectives of optimization in AM can be divided into three 
principal categories: cost-efficiency, qualities, and properties. These cat-
egories represent key targets that need to be achieved to ensure an 
effective and high-quality production process. Each category covers a 
range of parameters that are subject to optimization in order to en-
hance production efficiency, product quality, and suitability for specific 
applications.

The first category, cost-efficiency, is concerned with making the 
manufacturing process more economical and sustainable. Key fac-
tors that need optimization in this category are the building time 
[305,306,313,324,326,331,333,494–508], energy consumption [341,
342,501,509–516], and material usage [517]. By optimizing these fac-

tors, we can significantly increase production efficiency and reduce the 
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Fig. 9. Materials design based on machine learning. (a). Metamaterial design with deep learning [476]. (b). Optimized results for the inverse machine learning 
framework to optimize lightweight metamaterials [479]. (c). Inverse-designed spinodoid metamaterials using machine learning [487]. (d). New planar auxetic 
metamaterial perforated with orthogonally aligned oval-shaped holes using machine learning [447]. (e). Inverse design of mechanical metamaterial based on shell 
structures with customized loading curves based on machine learning and genetic algorithm [488]. (f). Pragmatic generative optimization of novel structural lattice 
metamaterials with machine learning [489]. (g). Inverse design based on machine learning of auxetic metamaterial with zero Poisson’s ratio [490]. (h). Inverse 
machine learning discovered metamaterials with record high recovery stress [448]. (i). Topology optimization of 2D metamaterials for the case of maximizing 
the bulk modulus, minimizing the Poisson’s ratio, and maximizing the shear modulus [446]. (j). Machine learning-based prediction and inverse design of 2D 
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metamaterial structures with tunable deformation-dependent Poisson’s ratio [445].
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Fig. 10. Optimized process parameters and optimization objectives in process parameter optimization of additive manufacturing.
operational costs involved in manufacturing, which in turn makes the 
process more sustainable.

The second category focuses on the quality of the products man-
ufactured. This category encompasses parameters such as accuracy 
[291,326,327,494,498,518–526], surface roughness [291,306,329,340,
495,497,520,527–539], density [328,520,527,530,540–542], porosity 
[320,321,331,520,543–551], microstructure [313,315,552,553], and 
melt-pool appearance [283,292,554–556]. The optimization of these 
qualities plays a crucial role in determining both the aesthetic and 
functional aspects of the final product. By enhancing precision in these 
areas, we ensure that products are manufactured to meet the highest 
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standards and suit specific application requirements.
Lastly, the third category revolves around the properties of the man-
ufactured products, with a particular focus on mechanical and thermal 
properties. These properties include tensile strength [290,317–320,327,
332,334,501,518,528,541,542,557–580], shear strength [581], yield 
strength [518,558,567,581,582], flexural strength [558–561,565,566,
583–585], impact strength [558–561,565,566,586], elastic modulus 
[518,528,558,562,563,567,568,581], hardness [509,528,552,573,587–
589], and fatigue resistance [293,564,590] among others. These at-
tributes determine the product’s durability, lifespan, and suitability for 
various applications. By optimizing these properties, we can ensure that 
the manufactured products meet the required performance standards in 
their intended applications, providing long-lasting reliability and over-

all value.
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3.4.2. Optimization process parameters

In this section, we will delve into the crucial aspect of optimizing 
process parameters in AM. The optimization of process parameters is 
essential for achieving high-quality, efficient, and cost-effective produc-
tion. However, due to the diverse nature of various printing methods, 
the parameters that require optimization vary for each AM category. 
Hence, we will explore the optimization process parameters individu-
ally for seven distinct AM categories.

The optimization of the material extrusion process requires careful 
consideration of various parameters such as build orientation [499,500,
518,528,557,559,560,565,591–596] and layer thickness [498–500,518,
525,528,559,560,562,565–567,581,591,592,595–598]. Also, parame-
ters like printing temperature [324,501,518], bed temperature [327], 
and air gap [499,500,559,560,591,592,595–597] play crucial roles in 
determining the characteristics of the part being manufactured. Param-
eters like printing speed [498,518,525,566,597] have also been investi-
gated for their impact on the extrusion process. Infill pattern and infill 
ratio play a significant role in both the cost and mechanical properties of 
the final part [499–501,518,525,528,557–562,564,565,567,581,591–
593,595–597,599–602]. Furthermore, support material and model inte-
rior are also optimized for hardness, flexural modulus, tensile strength, 
and surface roughness [528]. Gao et al. [603] compared two optimiza-
tion approaches–the Taguchi method and RSM. They identified four 
operating parameters and their interaction terms as control variables, 
and tensile strength and compressive strength as responses. The exper-
imental results showed that the conclusions regarding the significant 
ranking of parameters differed between the Taguchi method and RSM. 
Mohamed et al. [604] examined the effects of FDM fabrication condi-
tions on the dimensional accuracy of cylindrical parts. A combination of 
a second-order definitive screening design (DSD) and an artificial neural 
network (ANN) was proposed for experimental design and prediction. 
The study successfully determined the optimum fabrication conditions 
for improved dimensional accuracies of cylindrical parts.

For powder bed fusion, parameters like laser power [580,605–615], 
energy density [616,617], scanning speed [580,605,607,609,612,613,
615,618,619], hatch space [610,615,619], and powder layer thickness 
[615,620,621] are pivotal to the success of the process. When consid-
ering the process parameter optimization of powder bed fusion, heat 
treatment emerges as a significant parameter that sets this method apart 
from other kinds of AM. The role of heat treatment in the powder bed 
fusion process is a multifaceted one and demands careful consideration, 
as it has far-reaching implications on the properties and performance 
of the final product. The heat treatment process in powder bed fu-
sion plays an instrumental role in defining the microstructure of the 
manufactured parts, which is a determining factor of their mechanical 
properties. The application of heat, both in terms of magnitude and du-
ration, impacts the atomic arrangement within the product, which can 
lead to variations in properties like tensile strength, hardness, ductility, 
and resistance to wear and tear. Specifically, the appropriate control 
and regulation of heat treatment can enhance the tensile strength of the 
printed parts, making them more durable and capable of withstanding 
higher mechanical stresses. This underscores the significance of heat 
treatment as a parameter in the powder bed fusion process and em-
phasizes its influence on the functional characteristics of the products 
[622–630]. Liu et al. [631] developed a machine learning approach 
based on Gaussian process regression to optimize the LPBF process in 
AM. The optimized processing window for manufacturing fully dense 
AlSi10Mg samples was determined, resulting in previously unattainable 
combinations of high strength and ductility. Gu et al. [632] utilized 
small dataset of 33 experiments to predict relative density and surface 
roughness of LPBF process. The ML models were improved by curat-
ing the input data and using volumetric energy density as a universal 
predictor. This approach reduced the mean absolute percentage error 
and increased the translation capability of the models across different 
machines and materials. Muhammad et al. [633] developed a DL frame-
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work to predict the process-induced surface roughness of AlSi10Mg 
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aluminum alloy fabricated using LPBF. The framework involved the fab-
rication of specimens, surface topography measurement, data extraction 
and engineering, and the development of a deep neural network model. 
Different scanning strategies and process parameters were considered, 
and the inputs to the model were the AM process parameters. Lapointe 
et al. [634] focused on applying machine learning to optimize laser pro-
cess parameters in AM. The irregular quality of parts produced through 
laser powder bed fusion was addressed, with a focus on dimensional in-
accuracies and defects in complex geometries. A data-driven approach 
was employed, utilizing experimental diagnostics to create a training 
dataset for supervised learning models. These models, a forward and an 
inverse model, were developed to predict photodiode signals and laser 
parameters based on track-wise geometry features. The inverse model 
enabled the determination of required laser parameters for desired pho-
todiode signals. The whole process and results are demonstrated in 
Fig. 11.

In directed energy deposition, laser power [635,636], feed rate 
[333,635,636], travel speed [333,635–637], interpass time [333], and 
energy input [521,637] are among the parameters to optimize. Effec-
tive management of these parameters can control the quality of the 
deposited material and the subsequent cooling process, thus influenc-
ing the mechanical properties and dimensional accuracy of the final 
product. By tuning these parameters, manufacturers can enhance pro-
cess efficiency and improve the performance characteristics of the final 
products. Heat treatment also assumes a key role in the process op-
timization of directed energy deposition. While directed energy depo-
sition distinguishes itself from powder bed fusion through its distinct 
method of material deposition and melting, the fundamental impor-
tance of heat treatment remains. It contributes significantly to the 
modulation of the microstructure, and by extension, the mechanical 
properties of the produced parts. In the directed energy deposition pro-
cess, the feedstock material, typically in the form of powder or wire, is 
melted using a focused thermal energy source such as a laser or elec-
tron beam. The manipulation of heat treatment parameters during this 
process can significantly alter the thermal gradients and cooling rates 
experienced by the material, thus influencing the microstructural evo-
lution within the part. As a consequence, mechanical attributes such as 
tensile strength, hardness, ductility, and fatigue resistance can be finely 
tuned. Much like in powder bed fusion, optimizing heat treatment in 
directed energy deposition is a complex and delicate task that requires 
a deep understanding of material science and the relationship between 
heat treatment conditions and resulting material properties. Strategies 
such as preheating the substrate, controlling the interpass temperature, 
and post-process heat treatment can all be deployed to manipulate the 
material microstructure and achieve the desired mechanical properties 
[638–645]. Era et al. [646] applied machine learning algorithms (XG-
Boost and Random Forest) to predict the tensile behaviors of stainless 
steel 316L parts fabricated using laser-based directed energy deposi-
tion (L-DED). The process parameters, including laser power, scanning 
speed, and layer thickness, were optimized to control the properties 
of the fabricated parts. The models successfully predicted the tensile 
properties, with XGBoost demonstrating superior accuracy compared to 
Ridge Regression and Random Forest. Jamnikar et al. [647] developed 
a deep learning-based multi-modality convolutional neural network for 
in-process geometry monitoring in wire-feed laser AM. The network 
was trained to estimate the geometric properties of the build bead us-
ing real-time molten pool sensing data. The effect of using temperature 
data from different positions of the molten pool on the prediction per-
formance of the CNN model was analyzed. Pham et al. [648] proposed a 
feedforward neural network surrogate model was developed for fast and 
accurate prediction of temperature evolutions and melting pool sizes in 
metal bulk samples manufactured by the DED process. The surrogate 
model was trained using high-fidelity data from finite element models 
and validated with experiments. The FFNN model achieved high ac-
curacy, with 99% and 98% accuracy for temperature evolutions and 

melting pool sizes, respectively.
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Fig. 11. Photodiode-based machine learning for optimization of laser powder bed fusion parameters in complex geometries [634]. (a). Mean and signal-to-noise ratio 
of the photodiode signal for single tracks printed at different laser powers and velocities. (b). Joint probability density function of the predicted and true photodiode 
signal intensities. (c). Comparison of true and predicted photodiode signal for four tracks from the test set. (d). Comparison of the true and predicted laser powers 
and velocities. (e). Laser power predicted by the inverse ML model for three layers of the test geometry. (f). Comparison of the photodiode signal on the first layer 
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above the overhang (layer 200) for a part printed with nominal laser parameters and a part printed with laser parameters predicted by the inverse model.
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In the binder jetting process, various process parameters play pivotal 
roles in influencing the quality and characteristics of the final product. 
Layer thickness and binder saturation are two of the most frequently op-
timized parameters, which significantly impact the structural integrity 
and dimensional accuracy of printed parts [328,523,527,583,649–654]. 
Other parameters, such as roll speed and the feed-to-powder ratio, also 
require careful calibration for optimal performance [583]. In addition, 
heater power ratio affects the drying time, which in turn impacts the 
part strength and the rate of production [328,523]. The properties of 
the granules used, such as particle size and morphology, and the pow-
der bed’s characteristics, including roughness and packing density, also 
significantly affect the printing process and the final part characteris-
tics [527,655]. Lastly, printing speed and spread speed are parameters 
that influence the printing efficiency and surface finish of the prod-
uct [328,649]. By optimizing these process parameters, manufacturers 
can significantly enhance the quality and efficiency of binder jetting 
processes. Onler et al. [328] developed a robust approach to identify 
optimal process parameters for binder jetting of Co-Cr-Mo alloy. Exper-
imental investigations and machine learning techniques were used to 
establish the relationship between process parameters and output qual-
ity, including density, dimensions, and surface quality of green parts. 
Artificial neural networks were employed to model this relationship, 
and the weighted k-NN algorithm was used for qualitative classification. 
A genetic algorithm-based multi-objective optimization was applied to 
determine the optimum process parameters, achieving over 90% ac-
curacy in predicting part quality. Jimenez et al. [656] conducted a 
parametric study to investigate the influence of seven process inputs on 
the relative densities of printed alumina parts. Multivariable linear and 
Gaussian process regression models were developed to predict green 
densities based on process inputs. The study identified recoat speed and 
oscillator speed as key parameters affecting green densities.

Process parameter optimization research in vat photopolymeriza-
tion, material jetting, and sheet lamination is relatively scarce com-
pared to other techniques, possibly due to perceived limited opportu-
nities for substantial quality improvement [657–659]. These methods 
already yield high-resolution products with smooth finishes, especially 
in the realm of polymers. Consequently, the quality benefits achievable 
through process optimization might not be seen as profound enough 
to justify the extensive time and resources required for in-depth study. 
The inherent limitations of these technologies, such as the restricted 
range of materials applicable in vat photopolymerization and mate-
rial jetting, or the weak interlayer bonding in Sheet Lamination, might 
also inhibit broad-scale enhancements. Thus, research efforts may be 
directed more towards other aspects like new material development 
or integration with other techniques rather than process parameter 
optimization, which might be seen as offering minimal potential for sig-
nificant quality advancements in these specific techniques. Segura et al. 
[336] developed a machine-learning approach to predict droplet behav-
iors in MJ AM. The Network of Tensor Time Series was used to capture 
the underlying relationships shared across diverse material and pro-
cess parameters. The Tensor Graph Convolutional Network and Tensor 
Recurrent Neural Network were employed to capture cross-linked and 
temporal relationships, respectively. The features extracted from these 
networks were fed into a Multilayer Perceptron for predicting future 
droplet behaviors. The proposed methodology demonstrated accurate 
and efficient predictions for both known and unknown material/process 
parameters using simulated and experimental droplet evolution data.

3.4.3. Optimization algorithms

Optimization algorithms play a critical role in process parameter 
optimization for AM [285]. After the relationships between process 
parameters and output qualities are determined, the optimization algo-
rithms need to be applied to figure out the optimal solutions to obtain 
the desired qualities. The quality and efficiency of an AM process can be 
improved by optimizing the process parameters that control the manu-
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facturing process.
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Indeed, process parameter optimization in AM is often approached 
as a multi-objective optimization problem [660]. The multi-objective 
optimization problem is a class of optimization problems that involve 
optimizing multiple, often conflicting, objectives simultaneously. In the 
context of process parameter optimization in AM, a multi-objective op-
timization problem arises when multiple quality measures need to be 
optimized simultaneously. For example, in metal AM, the quality mea-
sures include porosity, surface roughness, tensile strength, and fatigue 
strength. Each quality measure is typically optimized individually in a 
single-objective optimization problem. However, in practice, these qual-
ity measures are often interdependent, and optimizing one measure may 
lead to a degradation in another measure. Thus, optimizing these mea-
sures simultaneously requires a multi-objective optimization problem. 
The typical multi-objective optimization problem is given in Equation 
(1).

min𝐹 (𝑥) =
∑𝑇

𝑖=1𝜔𝑖𝑓𝑖 (𝑥) 𝑥 ∈Ω∈ℝ𝑛

s.t.𝑔𝑖 (𝑥) ≤ 0 𝑖 = 1,2, ..., 𝑘
ℎ𝑖 (𝑥) = 0 𝑖 = 1,2, ..., 𝑘

(1)

where 𝑓𝑖 (𝑥) is the objective function that needs to be optimized subject 
to the constraints, and 𝑔𝑖 (𝑥) ≤ 0 and ℎ𝑖 (𝑥) = 0 are constraints that are 
required to be satisfied (these are called hard constraints).

Multi-objective optimization methods can be broadly categorized 
into three groups: priori methods, posteriori methods, and interactive 
methods [661].

Priori methods are also known as pre-decision methods or offline 
methods [662]. These methods involve solving the multi-objective op-
timization problem before the decision-maker is faced with making 
a choice. The solutions obtained from the pre-decision methods are 
presented to the decision-maker, who then chooses the best solution 
based on their preferences. Some examples of priori methods include 
weighting methods [663], goal programming [664], and lexicographic 
methods [665].

Posteriori methods are also known as post-decision methods or on-
line methods [666]. These methods involve solving the multi-objective 
optimization problem in real-time as the decision-maker makes choices. 
The solutions obtained from the post-decision methods are presented 
to the decision-maker, who then chooses the best solution based on 
their preferences. Some examples of post-decision methods include non-
dominated sorting genetic algorithm-II (NSGA-II) [306,318,515,667], 
and Pareto archive evolution strategy (PAES) [668]. Peng et al. [515]
developed a predictive model for specific energy consumption and 
metallic powder usage rate in laser cladding using three different meth-
ods. The comparison revealed that the method that demonstrated the 
highest fitting performance was the integrated Tabu search and GEP. 
The predictive models were then used to determine the Pareto front us-
ing NSGA-II, which provided the optimal set of processing parameters. 
Results showed that NSGA-II was effective in maximizing energy and 
metallic powder efficiency. This study emphasizes the importance and 
effectiveness of NSGA-II in the process optimization of AM. Asadollahi-
Yazdi et al. [306] proposed a method to simultaneously analyze critical 
attributes and drawbacks of AM and optimize the manufacturing pa-
rameters for AM products. The study focuses on FDM and formulates 
a multi-objective optimization problem with layer thickness and part 
orientation as decision variables. NSGA-II is utilized to find optimal 
solutions. The approach is demonstrated through a case study and em-
phasizes the effectiveness of NSGA-II in AM process optimization. Meng 
et al. [318] focused on optimizing multilayer bio-inspired sandwich 
structures of Ti-6Al-4V alloy fabricated by SLM. The results showed that 
NSGA-II can effectively optimize the bio-inspired sandwich structures 
with a relative error rate of less than 10%. The study further demon-
strated the comprehensive mechanical performances of the bio-inspired 
sandwich structures and identified the optimal configuration as the two-
layered structure under cross-arranged configurations, emphasizing the 

effectiveness of NSGA-II in optimizing AM structures.
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Interactive methods involve the decision-maker actively participat-
ing in the optimization process [669]. These methods involve present-
ing the decision-maker with a set of solutions and asking them to 
choose the best solution based on their preferences. The optimization 
process is then updated based on the decision-maker’s choices. Some 
examples of interactive decision-making methods include interactive 
particle swarm optimization (PSO) [342,533], interactive genetic algo-
rithms (GA) [313,332,341,670], and interactive evolutionary strategies 
[671–673]. Selvam et al. [533] used PSO to optimize FFF printing pa-
rameters for improving surface quality and reducing the printing time 
of ABS polymer. The study employed RSM and PSO techniques to pre-
dict the optimum process parameter values. Through the PSO method, 
high surface quality with a minimum printing time of 24 minutes was 
achieved, showing finer optimal values compared to RSM. Kumar & 
Maji [332] discussed the optimization of WAAM through the use of 
multi-objective GA to minimize void and excess material. The focus 
is on developing a single-bead geometry model using RSM and Box-
Behenken DoE for the deposition of SS304L. The study found that the 
optimal processing conditions and deposition planning determined by 
multi-objective GA led to the minimum void and maximum material 
yield. Additionally, it was discovered that optimal bead sizes and de-
grees of overlapping are different for different geometries. The study 
also highlights the benefits of double wire feed deposition, which can 
deliver a higher deposition rate and superior mechanical properties of 
the deposited material compared to single wire feed deposition.

Each of these categories of multi-objective optimization methods has 
its advantages and disadvantages. Priori methods can be more compu-
tationally efficient as they solve the optimization problem only once. 
However, they may not provide the decision-maker with enough flex-
ibility to make the best choice. Posteriori methods provide more flex-
ibility to the decision-maker, but they can be more computationally 
expensive as the optimization problem is solved in real-time. Interac-
tive methods provide the most flexibility to the decision-maker but can 
be time-consuming as the decision-maker must actively participate in 
the optimization process.

3.4.4. Section conclusion

In this section, the concept of process parameter optimization in 
AM is explored comprehensively from three interconnected perspec-
tives. Firstly, the optimization objectives, encompassing cost-efficiency, 
qualities, and properties, are discussed. These objectives cover a range 
of parameters that need optimization to enhance production efficiency, 
product quality, and suitability for specific applications. Secondly, the 
optimization of process parameters in the AM process is examined in 
detail. Various parameters, such as build orientation, layer thickness, 
printing temperature, and infill pattern, are explored for their impact 
on the characteristics of the manufactured part. Lastly, optimization 
methods, including computational and mathematical models, are ex-
plored, with a focus on advanced techniques like machine learning for 
modeling the complex relationship between process parameters and the 
properties of the final part.

Additionally, we delve into the crucial aspect of optimizing process 
parameters in AM to achieve significant benefits for manufacturers. The 
optimization of process parameters plays a vital role in improving the 
quality of the finished product, including reducing porosity, enhancing 
surface finish, and improving dimensional accuracy. This optimization 
helps ensure that products meet required specifications and are free 
from defects arising from improper process parameter settings. More-
over, process parameter optimization contributes to reducing manufac-
turing costs by achieving better process efficiency, minimizing material 
waste, and reducing the need for post-processing operations.

However, optimizing process parameters in AM presents several 
challenges. AM processes involve numerous variables that impact the 
final product’s quality, and balancing conflicting objectives poses a sig-
nificant challenge. Trade-offs between different aspects of the print, 
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such as strength, speed, resolution, and quality, can make it challenging 
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to find the optimal parameter settings. Additionally, the lack of stan-
dardization in the industry adds complexity to the optimization process, 
as optimal settings may vary among manufacturers and printer models.

Furthermore, the range of materials and techniques used in AM fur-
ther contributes to the complexity of process parameter optimization. 
Each material and technique have its own unique set of process param-
eters that must be optimized for optimal results. Additionally, process 
parameter optimization is an ongoing process, as materials, printer 
models, and techniques evolve over time, necessitating continual mon-
itoring and updates to achieve the most effective methods.

3.5. Defect detection & real-time monitoring

Defect detection and real-time monitoring in AM hold significant 
importance across various aspects of the manufacturing process [674]. 
It ensures quality assurance by identifying and addressing defects that 
can compromise the structural integrity and functional performance of 
AM parts [675]. Moreover, defect detection enhances reliability and 
safety, particularly in industries where structural integrity is critical 
[676]. By minimizing defects, manufacturers can achieve cost savings 
through reduced material waste and improved efficiency. Defect anal-
ysis also provides valuable insights for process optimization [677], en-
abling manufacturers to fine-tune parameters, materials, and designs. 
Compliance with regulatory standards is ensured through defect detec-
tion, and continuous improvement is fostered by identifying areas for 
enhancement. Ultimately, defect detection plays a crucial role in en-
hancing the overall quality, reliability, cost-efficiency, and compliance 
of additively manufactured components.

3.5.1. Defect types

AM processes are susceptible to various types of defects that can im-
pact the quality and performance of manufactured components. These 
defects can arise at different stages, including material preparation, part 
fabrication, and post-processing. Common defect types in AM include 
geometric defects, surface defects, porosity and voids, inadequate fu-
sion or bonding, inclusions and contaminants, residual stresses, and mi-
crostructural defects [674,678]. Fig. 12 provides an overview of defect 
detection within the context of AM. The explanations for each defect 
are demonstrated below:

• Geometric defects: Warping [679], distortion [680], overhangs 
[681,682], undercuts [682], and shape inaccuracies affecting the 
geometric accuracy and dimensional deviations of printed parts.

• Surface defects: Rough surfaces [683,684], pits [685,686], cracks 
[687,688], and surface porosity [689] impacting the surface finish 
and smoothness of printed parts.

• Porosity and voids: Small voids or air pockets within the printed 
material, which can negatively impact mechanical properties and 
structural integrity [547,690–695].

• Inadequate fusion or bonding: Insufficient fusion or inadequate 
bonding between successive layers or material interfaces, leading 
to weak or delaminated regions within the part [696–699].

• Inclusions and contaminants: Foreign particles or impurities incor-
porated into the printed material during manufacturing, causing 
defects like weak spots or reduced properties [700–702].

• Residual stresses: Stresses remaining within printed parts due to 
rapid heating and cooling cycles, potentially resulting in distortion, 
warping, or cracking [493,680,703–706].

• Microstructural defects: Variations in grain size, phase transforma-
tions, or uneven distribution of alloying elements, affecting material 
properties and performance [547,707–710].

3.5.2. Data types

Defect detection in AM relies on the analysis of various signals, 
which can be categorized into two main types: image-based signals 

and sensor-based signals [711]. Image-based signals involve visual data, 
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Fig. 12. Machine learning assisted defect detection & real-time monitoring in additive manufacturing.
such as images or videos, that capture surface irregularities, cracks, or 
other visual defects. These images can be acquired using high-resolution 
cameras or microscopy techniques [712,713]. Advanced image process-
ing algorithms can then be applied to analyze the images, detect de-
fects, and assess their severity. Image-based defect detection techniques 
provide valuable information about surface quality and visual anoma-
lies [678]. Sensor-based signals, on the other hand, involve the use of 
various sensors to capture different aspects of the manufactured part. 
Thermal imaging sensors can detect variations in temperature distribu-
tion, which may indicate inadequate fusion or cooling issues [714–716]. 
Acoustic sensors can capture acoustic emissions or ultrasonic waves to 
assess the structural integrity of the part, detecting anomalies such as 
voids or delaminations [277,713,717–720]. X-ray or CT scanning em-
ploys sensors to capture internal images, revealing defects like porosity 
or incomplete fusion [721–728]. Mechanical testing sensors, such as 
tensile testers or hardness testers, can measure the mechanical proper-
ties of the part, detecting deviations from the desired material behavior.

3.5.3. Current research

As mentioned before, defect detection and real-time monitoring are 
one of the most popular research domains for the application of ma-
chine learning in AM. Therefore, in this section, we will explore the 
current research for defect detection and real-time monitoring accord-
ing to the data type used in the process. Some representative research 
is demonstrated in Fig. 13.

3.5.3.1. Image-based signals Image-based signals in defect detection of 
AM play a crucial role in capturing visual data that reveals surface ir-
regularities, cracks, and other visual defects. High-resolution cameras 
or microscopy techniques are employed to acquire detailed images or 
videos of the manufactured parts. These visual data serve as a rich 
25

source of information for analyzing the surface quality and identify-
ing any anomalies present. Advanced image processing algorithms are 
then applied to these images, enabling the detection and characteriza-
tion of defects with high accuracy and precision. By leveraging image-
based signals, AM processes can be monitored in real-time, enabling 
early detection of defects and facilitating quality control throughout 
the manufacturing process. The utilization of image-based defect detec-
tion techniques provides valuable insights into the visual aspects of the 
printed parts, ensuring the overall quality and integrity of the manufac-
tured components. Scime & Beuth [314] utilized a high-speed camera 
to monitor the morphology of LPBF melt pools in the Inconel 718 mate-
rial system. Computer Vision techniques were employed to construct a 
scale-invariant description of melt pool morphology, and unsupervised 
machine learning was applied to differentiate between observed melt 
pools. In-situ signatures indicating flaws were identified through the 
linkage of ex-situ and in-situ morphology. Supervised machine learn-
ing was then used to classify melt pools observed during the fusion of 
non-bulk geometries, such as overhangs. Zhang et al. [734] applied a 
deep-learning-based approach to detect porosity in laser AM. A high-
speed digital camera captured melt-pool data during the process, and 
CNN models were trained to analyze the features of the melt-pool and 
predict porosity attributes in the deposited specimens. The developed 
image processing tools automated the extraction of porosity information 
from raw quality inspection data. The compact CNN models achieved a 
high classification accuracy of 91.2% for porosity occurrence detection 
and demonstrated predictive capability for micro pores. Furthermore, 
the models accurately predicted local volume porosity with a low root 
mean square error, showcasing their effectiveness for both high and 
low-porosity specimens. Wright et al. [735] developed a novel opti-
mization framework using computer vision and DL for the defect de-
tection and optimization of extrusion AM of thermoset composites. The 
framework dynamically adjusted printing parameters during extrusion 

to achieve optimal results. A DL-integrated extrusion AM system was 
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Fig. 13. Current research for defect detection and real-time monitoring in additive manufacturing based on machine learning. (a). Clustering result showing surface 
defects in 3D with in-situ point cloud processing and machine learning [729]. (b). Confusion matrix for deep learning-based quality identification method for metal 
AM process [730]. (c). Confusion matrix for vision-based melt pool monitoring for wire-arc additive manufacturing using deep learning method [731]. (d). Confusion 
matrix for A hybrid deep learning model of process-build interactions in additive manufacturing [732]. (e). 3D fitted surface of five ML algorithms for geometrical 
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defect detection on additive manufacturing parts with curvature feature and machine learning [733].
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used, along with in-situ imaging and high-accuracy CNN, to determine 
the ideal process parameters for composite AM.

3.5.3.2. Sensor-based signals Sensor-based signals can provide parame-
ters such as temperature, pressure, vibration, sound, or electromagnetic 
signals during the AM process. In the context of defect detection in AM, 
sensor-based signals provide valuable information for identifying and 
characterizing defects and abnormalities.

3.5.3.2.1. Thermal imaging By capturing thermal images of the printed 
part or the surrounding environment, thermal imaging sensors provide 
valuable information for defect detection and quality control.

One of the key applications of thermal imaging in defect detection is 
the identification of inadequate fusion or incomplete melting. Thermal 
anomalies, such as cold spots or hot spots, can indicate regions where 
the material has not properly fused or melted, leading to weak or de-
fective bonds between layers. By analyzing thermal images, machine 
learning algorithms can be employed to identify and classify these ar-
eas of inadequate fusion, allowing for timely intervention or adjustment 
of process parameters to ensure the production of defect-free parts. Tian 
et al. [736] described a deep learning-based data fusion approach for 
predicting porosity in LBAM. The melt pool thermal history, captured 
by high-speed thermal imaging, was used to monitor the process and 
detect potential defects. Two deep-learning neural networks, PyroNet 
and IRNet, were developed to correlate in-process pyrometry images 
and sequential thermal images from an infrared camera with layer-wise 
porosity. The predictions from PyroNet and IRNet were fused at the de-
cision level to improve the accuracy of porosity detection. Khanzadeh et 
al. [309] developed a real-time porosity prediction method using mor-
phological characteristics of the melt pool boundary, obtained through 
functional principal component analysis (FPCA). Thermal imaging was 
used to capture the time-varying melt pool signal, which was labeled 
as either pores or normal melt pools using X-ray tomography. Super-
vised learning methods were employed to build a black-box model that 
predicts the probability distribution of porosity based on melt pool char-
acteristics.

In addition to inadequate fusion, thermal imaging can also help 
identify cooling-related issues during the AM process. Rapid cooling or 
uneven cooling can result in thermal gradients across the printed part, 
leading to residual stresses, warping, or distortion. By capturing thermal 
images at different stages of the cooling process, thermal imaging sen-
sors can detect and visualize these temperature gradients, enabling the 
identification of potential defects or areas of concern. This information 
can guide the optimization of cooling strategies or the implementation 
of post-processing techniques to mitigate these defects and improve the 
overall quality of the printed parts. Estalaki et al. [737] developed ML 
models to predict micropore defects in LPBF stainless steel materials us-
ing in-situ thermographic data. Two key features, the time above the 
apparent melting threshold and the maximum radiance, were used as 
inputs for the ML models. The models were trained and tested for binary 
classification, considering the state of each voxel as either defective or 
normal. The inclusion of thermal features from neighboring voxels im-
proved the prediction accuracy.

3.5.3.2.2. Acoustic emission Acoustic emission (AE) signals play a cru-
cial role in the defect detection of AM. By utilizing acoustic sensors, 
the emitted acoustic waves or vibrations can be captured and analyzed 
to assess the structural integrity of the printed part. These sensors are 
sensitive to the acoustic emissions produced during the manufacturing 
process and can detect anomalies such as voids, cracks, or delamina-
tions. The AE signals provide valuable information about the internal 
structural quality of the part, allowing for early detection of defects 
that may compromise its performance or durability. Advanced signal 
processing techniques, such as pattern recognition and machine learn-
ing algorithms, can be applied to analyze the AE signals and distin-
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guish between normal and defective conditions. This enables real-time 
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monitoring and quality control of AM processes, ensuring the pro-
duction of high-quality parts with minimal defects. Kononenko et al. 
[738] designed a situ crack detection in LPBF fabricated parts. Ma-
chine learning models were developed to differentiate crack AE events 
from background noise sound, achieving high classification accuracy 
of up to 99%. Wang et al. [739] proposed an in situ quality moni-
toring method, combining machine learning with an improved vari-
ational modal decomposition (VMD) technique. The AE signals were 
adaptively decomposed using VMD with adjusted parameters based on 
the whale optimization algorithm and average energy entropy. Xu et 
al. [740] developed a real-time monitoring system, combining AE and 
laser scanning technology, to detect warpage defects during the print-
ing process. The AE signal captured variations in vibration, indicating 
changes in internal tension and reflecting real-time part characteristics. 
The AE signal was processed, and frequency and time domain features 
were extracted for training machine learning models. Laser scanning 
depth images were used to quantify dimensional changes and measure 
warpage. Machine learning models, including support vector machine, 
naïve Bayes classifier, and decision tree, were employed to accurately 
identify warpage in real-time. Shevchik et al. [718] utilized an AE sen-
sor to capture acoustic signals during the selective laser melting process, 
with intentionally varied process parameters to induce different levels 
of pore formation in the workpiece. The collected AE signals were di-
vided into training and testing datasets, and the relative energies of 
narrow frequency bands were extracted as acoustic features. A spec-
tral convolutional neural network classifier was trained to differentiate 
between different quality levels based on these features. The classifier 
achieved confidence levels between 83% and 89% in quality classifica-
tion.

3.5.3.2.3. Optical emission Optical emission signals play a crucial role 
in the defect detection of AM. These signals are obtained through opti-
cal sensors that capture the emission of light or other electromagnetic 
radiation during the manufacturing process. By analyzing the optical 
emission characteristics, such as intensity, wavelength, and spectral 
patterns, it is possible to identify various defects and anomalies in the 
printed parts [219,741,742]. Optical emission signals can provide valu-
able insights into phenomena such as overheating, improper melting, 
lack of fusion, and surface irregularities. Machine learning algorithms 
can be applied to process and analyze optical emission data, enabling 
automated defect detection and classification. This enables real-time 
monitoring and quality control during AM, helping to ensure the pro-
duction of high-quality parts with minimal defects. Atwya & Panoutsos 
[691] developed a data-driven neural network framework to achieve 
in-situ micro-porosity localization in laser powder bed fusion using 
exclusively within hatch stripe optical emission data. The proposed 
method leveraged prior-guided neural networks to incorporate process 
physics and utilize nominal data. Ren et al. [352] developed a novel un-
supervised recognition model for in-situ defect detection in DED. The 
model, which combines a long short-term memory-based autoencoder 
(LSTM-Autoencoder) and k-means clustering, analyzes the optical emis-
sion collected during the DED process to extract features and classify 
the deposition quality. Petrich et al. [743] proposed a comprehensive 
concept and validation scheme for inter-layer flaw detection in powder 
bed fusion using supervised machine learning. The research established 
a statistical correlation between the multi-modal sensor footprint col-
lected during the build process and the presence of flaws identified 
through post-build X-ray Computed Tomography scans. Various sen-
sor modalities, including layerwise imagery, acoustic and multi-spectral 
emissions, and scan vector trajectory information, were integrated us-
ing data registration techniques. A neural network was employed to 
fuse the modalities and distinguish flaws from nominal build conditions 
using only in-situ data.

3.5.4. Control and real-time intervention

For AM, the ability to control and intervene in real-time during the 

manufacturing process is crucial for ensuring high-quality outputs and 
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optimizing performance. Optimization, defect detection, and real-time 
monitoring are prerequisites for effective control and intervention. Op-
timization and real-time monitoring lay the groundwork by ensuring 
that the manufacturing process is well-understood and that any devia-
tions or anomalies can be detected promptly. These steps are essential 
to gather the necessary data and insights that enable informed control 
decisions. Gunasegaram et al. [357] discussed the application of ma-
chine learning in closed-loop control (CLC) strategies for metal AM. 
It highlights the limitations of traditional deterministic and rule-based 
CLC solutions in addressing the stochastic nature of the AM process. 
They proposed a framework for ML-assisted CLC in AM, focusing on 
defect and anomaly control through three scenarios: avoidance, miti-
gation, and repair. It identified reinforcement learning and inverse ML 
models as promising approaches for rapid, situation-aware control de-
cisions. They emphasized the need for seamless integration of various 
technologies to advance autonomous in-situ control in industrial set-
tings.

3.5.5. Section conclusion

In conclusion, the research in defect detection of AM using machine 
learning techniques has made significant progress in recent years. Vari-
ous types of defects, including geometric defects, surface defects, poros-
ity and voids, inadequate fusion or bonding, inclusions and contami-
nants, residual stresses, and microstructural defects, have been iden-
tified and characterized. Image-based signals, such as high-resolution 
cameras and microscopy techniques, have been utilized to capture vi-
sual data and detect surface irregularities and cracks. Sensor-based 
signals, including thermal imaging, acoustic emission, and optical emis-
sion, have been employed to monitor temperature variations, assess 
structural integrity, and identify anomalies in the manufacturing pro-
cess. Machine learning algorithms have been applied to analyze the col-
lected data and classify defects with high accuracy. The integration of 
multiple sensor modalities and the use of prior-guided neural networks 
have improved the reliability and efficiency of defect detection. Real-
time monitoring and quality control based on these techniques have 
the potential to enhance the reliability and performance of AM pro-
cesses. Further research and development in this field will continue to 
advance the application of machine learning in defect detection of AM, 
contributing to the production of high-quality parts and the widespread 
adoption of AM technology.

3.6. Design for sustainability

Undoubtedly, ensuring the sustainability of present-day technology 
is vital for meeting the needs of future generations [744]. It is worth 
noting that historically, sustainability received serious attention with 
a considerable delay of 50 years from the introduction of numerically 
controlled machining and mass production [269]. As for AM technolo-
gies, while research on their sustainability is currently being expedited, 
the available documented knowledge remains limited [745]. Therefore, 
it is imperative to conduct careful and comprehensive studies on the 
sustainability aspects of AM in parallel with the further development of 
the industry.

AM holds significant promise for reducing energy and resource-
intensive manufacturing processes [269]. It offers notable advantages 
over conventional subtractive manufacturing, particularly when fabri-
cating parts with complex geometries, structures, and compositions. The 
ease of manufacturing such intricate components using AM contributes 
to improved materials efficiency, as many AM processes employ powder 
materials that are highly reusable and recyclable. This efficiency leads 
to reduced material waste, thereby helping to lower the carbon foot-
print [746]. Additionally, AM’s potential for decentralized production 
brings production closer to the point of consumption. Consequently, 
supply chains can be compressed and simplified [747]. This reduction 
in complexity may lead to lower environmental impact and easier man-
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agement. Overall, AM is widely recognized as a green technology for 
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small-to-medium batch production, offering superior time and cost effi-
ciency compared to conventional manufacturing processes.

However, it is essential to exercise caution when considering the 
seemingly evident benefits that AM may offer. There are instances doc-
umented in the literature where AM does not align perfectly with the 
notion of being a wholly “green” technology. Here are some examples: 
(1) Economies of scale typically favor conventional mass production, 
leading to lower incremental costs compared to one-off AM produc-
tion [748]. This aspect raises concerns about the cost-effectiveness of 
AM for certain production scenarios. (2) A comprehensive evaluation 
of the entire operating procedure, which includes accounting for stages 
like equipment warm-up/cool-down, may reveal that AM does not nec-
essarily outperform conventional manufacturing processes in terms of 
energy consumption [749]. This aspect challenges the assumption of 
AM being inherently more energy-efficient. (3) AM often necessitates 
the use of additional support structures for overhanging parts. These 
support structures can lead to wastage of material, time, and energy [6], 
further highlighting the need to consider the overall environmental im-
pact of AM processes.

In conclusion, while AM has undeniably demonstrated several envi-
ronmental benefits, it is crucial to acknowledge and address these con-
cerns to ensure its sustainable and responsible implementation. Careful 
consideration of the specific manufacturing requirements and the over-
all ecological impact of AM is essential for making informed decisions 
about its usage in different contexts. The main concerns for the sustain-
ability of AM are listed in Fig. 14. By considering sustainability from 
the outset, designers can create products that not only meet functional 
requirements but also contribute to environmental and resource con-
servation goals. Herein, we shine a spotlight on two aspects of design 
for sustainability, including energy consumption modeling and material 
waste reduction.

3.6.1. Energy consumption modeling

In general, recent approaches for energy consumption modeling 
in AM technologies can be broadly divided into two groups: physics 
modeling and machine learning methods [750,751]. Physics-modeling 
approaches aim to uncover the relationships between energy consump-
tion and relevant parameters by using rigorous formulas. For instance, 
Gutierrez-Osorio et al. [752] introduced a mathematical model to pre-
dict energy consumption directly during the system stage, covering 
processes such as extrusion, deposition, selection, gluing, and curing. 
Garcia et al. [753] used life cycle assessment and unit process life cycle 
inventory methodology to evaluate the potential environmental impacts 
of injection molding and fused deposition modeling. Yi et al. [754] de-
veloped an energy simulation of a desktop AM system based on the bond 
graph modeling approach. Ramesh et al. [755] presented an interpre-
tive structural energy consumption model that considers 18 influencing 
factors in the material extrusion-based AM process. Despite their poten-
tial, physics-modeling approaches face challenges in AM due to their 
complex nature and the involvement of multiple data sources, including 
model designers and manufacturers. This complexity makes it difficult 
for physics-based methods to comprehensively account for all relevant 
factors in AM’s energy consumption.

As a result, machine learning methods have emerged as an alter-
native approach [756]. These methods rely on large datasets and ma-
chine learning techniques to identify patterns and correlations between 
input parameters and energy consumption [269]. Machine learning ap-
proaches can handle the intricacies and multivariate nature of AM pro-
cesses more effectively, providing valuable insights for energy consump-
tion minimization. Unlike physics-modeling approaches, ML specializes 
in learning potential rules solely from data, making it particularly well-
suited for tackling the complexities of AM processes. For example, 
Wang et al. [756] proposed a novel approach that involves construct-
ing a multisource dataset comprising pixel-source, motion-source, and 
processing-source data generated from the AM design stage. They then 

employed a deep network called 3DPECP-Net to map the learned rep-
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Fig. 14. Main concerns for the sustainability of additive manufacturing.
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resentation from this dataset to energy consumption values, achieving 
accurate predictions with moderate computation requirements. Wang 
et al. [751] also focused on addressing energy consumption (EC) and 
material waste concerns associated with AM processes. A new energy ef-
ficiency design method was proposed, utilizing a Multimodal Attention 
Fusion Network (MAFN) to optimize the AM process. The study devel-
oped a mathematical EC model for AM and used the MAFN to predict EC 
by integrating data from computer-aided design and the manufacturing 
process. The MAFN included a Multimodal Fusion Framework and an 
Attentional Feature Fusion Module to effectively combine and analyze 
diverse data sources. The whole process is demonstrated in Fig. 15. Sim-
ilarly, Yang et al. [343] utilized ML to explore the relationships between 
energy consumption and various hand-crafted features of printing lay-
ers, such as layer thickness, surface areas, and shapes. Barrionuevo et 
al. [757] applied three ML methods, including gaussian process regres-
sor, extreme gradient boosting regressor, and multi-layer perceptron, 
to assess energy consumption in the wire arc AM process using input 
variables such as wire diameter, wire feed speed, travel speed, and net 
power. Majeed et al. [89] proposed a big data-driven framework for 
sustainable and smart AM, which assists AM industry leaders in making 
better decisions during the beginning of the product life cycle.

These examples illustrate the potential of ML in providing valuable 
insights into energy consumption patterns in AM. By leveraging large 
datasets and powerful learning algorithms, ML approaches contribute 
to advancing energy-efficient practices in AM. Combining both physics-
modeling and data-driven methods allows researchers to develop more 
accurate and comprehensive tools for assessing and reducing energy 
consumption in AM processes, further promoting the sustainable devel-
opment of AM technology.

3.6.2. Material waste reduction

AM technology is not entirely waste-free, and thus, material waste 
reduction becomes a critical aspect of sustainable AM [758–760]. Re-
ducing material waste not only has a direct impact on the environmen-
tal dimension of sustainable AM by minimizing resource depletion and 
waste generation, but it also significantly influences the economic di-
mension of the process. In numerous AM processes, support structures 
are a significant source of waste in AM processes [6]. Due to the na-
ture of AM, some complex geometries may require support structures 
to ensure the integrity of the object during the manufacturing process. 
However, these additional support structures often result in material 
waste, as they are removed and discarded after the printing is com-
plete. Moreover, the presence of support structures leads to increased 
print time and energy consumption. Printing these extra structures not 
only extends the overall manufacturing time but also consumes addi-
tional energy, further contributing to the environmental impact.

Optimizing the geometry and topology of support structures is in-
deed a potential solution to reduce waste and improve the efficiency of 
AM processes [415,418,502]. Recent studies have explored innovative 
approaches to achieve self-supporting designs or to minimize the need 
for excessive support structures. One method involves using genetic al-
gorithms to prune supporting lattice structures without compromising 
their supporting functionality [345]. This approach identifies and re-
moves unnecessary elements from the support structure, optimizing it 
for minimal material usage while still providing the necessary support 
to the printed object. Another technique is designing self-supporting 
parts that eliminate the need for external support during the AM pro-
cess. In a recent study, explicit topology optimization was employed 
to generate self-supporting designs by optimizing explicit geometry pa-
rameters [761]. This approach involves adjusting the geometry of the 
design in a way that allows it to be printed without requiring addi-
tional support structures. Moreover, combining topology optimization 
with machine learning techniques has shown promising results in re-
ducing the need for inner and outer support structures. For instance, 
a recent study proposed a data-driven topology optimization method 
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for AM that leverages microstructure libraries containing various mi-
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crostructures and their corresponding mechanical properties. The use 
of a multiresponse latent-variable Gaussian process in this approach 
allows for efficient optimization of the AM design, considering both 
performance and support structure requirements [762].

By leveraging advanced optimization techniques and integrating 
machine learning with topology optimization, researchers and engi-
neers can significantly reduce waste, material consumption, and print-
ing time, thus contributing to the overall sustainability and efficiency 
of AM processes.

4. Digital twin assisted additive manufacturing

In recent years, the concept of the Metaverse has gained immense 
popularity and captured the attention of various sectors, including 
academia, business, and technology enthusiasts [763–768]. The indus-
trial version of Metaverse–the digital twin–has also attracted significant 
attention as a powerful tool for improving the efficiency and reliabil-
ity of manufacturing processes [769–781]. The adoption of digital twin 
technology has experienced a rapid surge, driven by its potential to 
revolutionize the manufacturing landscape. The digital twin technology 
involves the creation of a virtual replica of a physical object or system 
that can be used for monitoring, analysis, and optimization. This tech-
nology offers a novel approach to bridge the gap between the physical 
and digital worlds, enabling manufacturers to create virtual replicas of 
their physical assets. These virtual representations are continuously up-
dated with real-time data from their physical counterparts [276,782]. 
By harnessing this wealth of information, manufacturers can gain a deep 
understanding of their assets’ performance, behavior, and condition.

Digital twins serve as powerful tools for monitoring, analysis, and 
simulation of manufacturing processes [783]. They provide real-time 
insights into the operation of physical systems, allowing manufactur-
ers to optimize process parameters, identify inefficiencies, and enhance 
overall efficiency. By capturing and analyzing data from sensors and 
IoT devices embedded within the physical assets, digital twins facilitate 
predictive maintenance strategies [784]. This enables proactive identi-
fication of potential faults or malfunctions, thereby reducing unplanned 
downtime and improving overall equipment effectiveness.

Furthermore, digital twins hold tremendous potential for decision-
making [785–787] in AM. AM processes often involve intricate geome-
tries and complex material interactions, which can lead to challenges in 
achieving desired part quality and performance. The use of digital twins 
allows manufacturers to simulate and analyze the entire AM workflow, 
from design to post-processing [788,789]. By virtually testing different 
design iterations, material choices, and process parameters, manufac-
turers can identify optimal settings that result in improved part quality, 
reduced waste, and enhanced production efficiency.

By integrating digital twin technology into AM, manufacturers can 
achieve greater control and visibility over the entire production lifecy-
cle. Real-time data gathered from sensors during the AM process can be 
utilized to validate and calibrate the digital twin, ensuring a high degree 
of accuracy and reliability [790–794]. This integration facilitates the 
identification of potential process variations or deviations and enables 
real-time adjustments to maintain consistency and quality throughout 
production. The main components and principles of digital twins are 
demonstrated in Fig. 16.

In this section, we will explore the key components and function-
alities of digital twins and their integration into the AM workflow. We 
will examine the diverse ways in which digital twins are utilized for pro-
cess optimization, predictive maintenance, quality assurance, iterative 
design, and lifecycle management in the context of AM. Furthermore, 
we will analyze the benefits, limitations, and future prospects of digital 

twin technology in this rapidly evolving field.
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Fig. 15. Energy efficiency design for eco-friendly additive manufacturing based on multimodal attention fusion [751]. (a). The energy efficiency design and EC 
prediction frameworks during the AM process. (b). Grad-CAM overlaps with the corresponding LCI to interpret the diverse methods during the test phase in EC 
prediction. (c). Sliced LCIs with six infill patterns. (d). Comparison results of measured EC and predicted EC by the proposed MAFN on the wheel support models 
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with diverse infill patterns.
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Fig. 16. Components and principles of digital twins for additive manufacturing.
4.1. Research status of digital twins

The current research status of digital twin technology remains highly 
active and dynamic, with a growing number of studies exploring its var-
ious applications and potential in different industries. Researchers and 
practitioners still do not agree on a standardized definition of digital 
twin, leading to variations in its interpretations and applications based 
on specific use cases and industries. Some recent research studies have 
focused on establishing common definitions and components of digi-
tal twins. For instance, Tao et al. [769] conducted a comprehensive 
analysis of digital twin models from various perspectives and classified 
studies based on six modeling aspects within the digital twin model-
ing theoretical system. Enabling technologies and tools for digital twin 
modeling were also investigated and summarized. Additionally, Liu et 
al. [779] did a systematic research on the basic components of digital 
twins, focusing on common definitions and characteristics. It clarified 
the relationship between digital twins and cyber-physical systems. The 
research methodology for core components (physical entities, virtual 
models, and twin data) was examined, and application areas of digital 
twins were explored.

As industries undergo significant digital transformations and em-
brace Industry 4.0 technologies, the adoption of digital twin is expected 
to increase [795]. The advancements in data collection, storage, and ex-
change, driven by technologies like the Internet of Things and big data, 
are enhancing the capabilities of digital twins [796]. Moreover, the 
integration of augmented reality provides an optimal human-machine 
interface, making digital twin information easily accessible and under-
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standable for both technical and non-technical users [797].
Although the development of digital twins is very popular now, 
there are still some challenges that have to be faced. One of the chal-
lenges is the lack of existing physical data for new products [85,798]. 
Developing digital twins for new products that are still in the design 
phase can be challenging due to the lack of historical data. Unlike ex-
isting products, where data from past interactions and performance are 
available, new products do not have a track record to rely on. This 
scarcity of physical data makes it difficult to accurately model the 
behavior and characteristics of the digital twin. Without this data, de-
signers may face uncertainties in making informed decisions during the 
design and conceptualization process. Also, the reliance on accurate 
data of digital twins also sets a threshold for its development. The accu-
racy of the data collected from sensors embedded on physical entities is 
paramount to the effectiveness of digital twins. In industries like manu-
facturing, aerospace, and healthcare, where precise measurements and 
monitoring are critical, any inaccuracies in data collection can result 
in faulty simulations and unreliable predictions. To ensure the fidelity 
of the digital twin, rigorous data validation processes and calibration 
of sensors are necessary. Additionally, the integration of real-time data 
updates is essential to maintain accurate synchronization between the 
physical counterpart and its virtual replica [799,800].

While the potential benefits of the digital twin in improving process 
management, monitoring, and predictive maintenance are promising, 
its implementation can be costly [778,801–803]. Creating a digital 
twin requires significant investments in technology, infrastructure, and 
skilled personnel. The costs associated with acquiring and integrating 

sensors, setting up data storage systems, and developing the digital twin 
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software can be substantial. Consequently, potential users need to care-
fully evaluate the cost and benefits of adopting DTs, often leading to 
their utilization in high-value projects or those that heavily rely on dig-
ital twin-specific functionalities.

Besides, the lack of standardized guidelines and specifications for 
digital twins still poses a challenge to their widespread adoption 
[804–807]. Establishing a standardized framework for DTs is crucial to 
building confidence in the technology’s validity, accuracy, and interop-
erability. Furthermore, the ease of integrating digital twins into existing 
manufacturing setups is an important issue that requires addressing, as 
seamless data exchange between different digital twin components is 
essential for realizing their full potential.

As research in the field of digital twin technology continues to 
progress, there is a particular focus on its application in manufactur-
ing environments. Many recent studies have explored how DTs can be 
integrated into various stages of a product’s life cycle, from conceptual-
ization and design to production, post-production, and retirement stages 
[770,773,808–810]. Researchers are investigating the potential of digi-
tal twins to interact and influence each phase of the product life cycle, 
with a special emphasis on AM settings. Researchers are exploring how 
digital twins can revolutionize various stages of the product life cycle, 
placing particular emphasis on their applications within AM settings. 
The integration of digital twins in the AM allows for accurate pro-
totyping, rapid iterations, and virtual testing, enabling more efficient 
and cost-effective product development. During the production phase, 
digital twins facilitate real-time monitoring, predictive maintenance, 
and quality control, optimizing manufacturing processes and minimiz-
ing downtime. Furthermore, in the post-production phase, digital twins 
continue to play a vital role in monitoring product performance, collect-
ing valuable data for product improvements, and enabling sustainable 
lifecycle management. By harnessing the power of digital twins in AM, 
researchers aim to enhance productivity, reduce waste, and pave the 
way for a more agile and intelligent manufacturing ecosystem. Gaikwad 
et al. [793] researched defect-free production of AM parts by combin-
ing predictions from a physical model with in-situ sensor data in a 
machine learning framework. They demonstrated the effectiveness of 
a digital twin approach, combining physics-based predictions and sen-
sor data, for real-time flaw detection in AM processes. The integration 
of these approaches resulted in an statistical fidelity-score approaching 
90%, outperforming using either approach alone (statistical fidelity-
score of nearly 80%). Liu et al. [789] proposed a digital twin-enabled 
collaborative data management framework for metal AM systems. The 
framework was validated through practical implementation in a dis-
tributed metal AM system, showcasing its potential to enhance process 
understanding, develop simulation models, reduce development times 
and costs, and improve product quality and production efficiency. The 
representative application scenario of cloud-based and deep learning-
enabled metal AM layer defect analysis demonstrated the effectiveness 
of the digital twin approach in supporting intelligent process monitor-
ing and optimization. Mandolla et al. [811] proposed a digital twin for 
AM in the aircraft industry, utilizing Blockchain solutions to secure and 
track the data generated throughout the end-to-end AM process. This 
approach ensures compliance with stringent technical standards and fa-
cilitates the rapid prototyping of components, leading to reduced time-
to-market, improved quality, and cost containment. The digital twin 
application enhances the security and organization of data, allowing 
companies to build secure and connected manufacturing infrastructure 
in the aircraft industry. Cai et al. [812] developed a methodology using 
augmented reality (AR) to communicate layout information between 
a reconfigurable AM system and its digital twin. The AR technique 
facilitated toolpath planning and simulation for concurrent material de-
position using multiple independent actuators. The study demonstrated 
that this approach enabled rapid retrieval of position information from 
the physical system into the digital twin, supporting layout optimiza-
tion and convenient deployment of the optimized layout back to the 
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physical system. Pantelidakis et al. [791] implemented a novel dig-
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ital twin ecosystem for AM using two data-driven approaches. One 
approach used an open-source 3D printer web controller application 
to capture status and parameters, while the other relied on externally 
mounted sensors for accurate synchronization between the physical and 
virtual 3D printers. Near-real-time synchronization was achieved, and 
the digital twin was validated for position, temperature, and run dura-
tion. The cost-efficient and reliable digital twin ecosystem can provide 
legacy equipment with digital twin capabilities, collect historical data, 
and generate analytics.

In conclusion, the research status of digital twin technology is still 
in its infancy, with a focus on its applications in various industries, 
including AM. Despite challenges such as the lack of standardized def-
initions and guidelines, researchers are exploring common components 
and definitions for digital twins. The integration of digital twins in AM 
shows promising potential in optimizing the entire product life cycle, 
from design to production and post-production phases. By combining 
physics-based models with in-situ sensor data, researchers have suc-
cessfully developed digital twins for flaw detection in AM processes, 
improving the accuracy of predictions and reducing production defects.

4.2. Technical approach

Digital twin is a system integration, which contains a lot of tech-
nologies from data analytics to virtual modeling and simulation. In this 
section, we will introduce the whole process of building digital twin 
from a technical point of view, providing insights into the diverse range 
of technologies involved and their interconnections to create an effec-
tive and comprehensive digital twin system.

4.2.1. Virtual modeling and simulation

Virtual modeling and simulation are pivotal in the construction of 
the digital twin, serving as essential tools to bridge the gap between 
theoretical research and practical implementation. At the core of the 
digital twin lies its model, which is fundamental for the successful ap-
plication of digital twin technology. Within the realm of virtual space, 
the digital twin model is composed of four critical dimensions: shape 
and structure, physical properties, dynamic response, and historical 
data and knowledge [769]. The shape and structure model precisely 
captures the geometric shape and intricate assembly relationships of 
the physical entity. On the other hand, the physical model meticu-
lously reflects the comprehensive physical properties, characteristics, 
and constraints of the actual entity. By simulating the dynamic behav-
ior of the physical entity in response to internal and external influences, 
the dynamic response model offers valuable insights into its perfor-
mance under varying conditions. Moreover, the historical data and 
knowledge model enriches the digital twin’s intelligence by integrat-
ing historical data and leveraging tacit knowledge, contributing to a 
smarter digital twin model. Through the amalgamation of multidisci-
plinary knowledge, the multidimensional digital twin model becomes 
empowered to perform advanced functions such as prognostication, op-
timization, and control within the digital realm. As a result, virtual 
modeling and simulation play a critical role in shaping the capabili-
ties of the digital twin and unlocking its immense potential in various 
real-world applications. Knapp et al. [813] developed and validated a 
first-generation digital twin for laser-based directed energy deposition 
AM. The digital twin utilized a transient, three-dimensional model to 
calculate temperature and velocity fields, cooling rates, solidification 
parameters, and deposit geometry. The predictions of metallurgical pa-
rameters, such as cooling rates, temperature gradients, solidification 
rates, secondary dendrite arm spacing, and micro-hardness values, were 
found to be more accurate compared to conventional heat conduction 
calculations. This digital twin provides a practical and efficient tool to 
optimize AM processes and improve the properties and serviceability 
of additively manufactured components. Gunasegaram et al. [814] em-

phasized the application of digital twin modeling in metal AM to embed 
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artificial intelligence capabilities. They highlighted the value of high-
fidelity multiscale-multiphysics models for AM processes, addressing 
technical hurdles related to model complexity and scarcity of experi-
mental data. Machine learning-based surrogate models were proposed 
for real-time problem-solving. Non-technical barriers, including stan-
dardization and collaboration difficulties, were identified, and potential 
solutions were offered. Phua et al. [115] developed a new framework 
for the application of digital twin modeling in metal AM, using Bayesian 
optimization to build and train surrogate models for real-time control of 
the layering process. The Smart Recoating approach demonstrated the 
potential of the digital twin control system to mitigate process variation 
and achieve consistent print quality in each layer, revealing new strate-
gies for controlling the recoater and print stage displacements. Gamdha 
et al. [815] developed a general framework for creating a digital twin of 
the dynamic printing process in extrusion-based AM. Their approach in-
volved performing geometric modeling physics-based simulations with 
intermediate print geometries, using parallel adaptive octree meshes 
for real-time predictions. The method demonstrated scalability to high 
voxel resolutions and accurate predictions of transient heat distribu-
tion during the printing process. This work establishes the foundations 
for real-time digital twins, enabling rapid virtual print sequence explo-
ration to enhance print quality and reduce material waste.

In the construction of digital twin models, model lightweight is in-
deed a crucial and significant research direction [769,816–820]. As 
digital twins are virtual replicas of physical assets, systems, or pro-
cesses, they often involve complex and detailed models to accurately 
represent their real-world counterpart. However, creating and work-
ing with highly detailed models can be computationally intensive and 
resource-consuming, especially for large-scale systems and simulations. 
Model lightweighting addresses this challenge by developing techniques 
to create simplified yet efficient digital twin models. These lightweight 
models retain essential features and information necessary for accurate 
simulations and analysis while reducing the memory and computational 
requirements. By optimizing the digital twin’s model, it becomes easier 
to handle large datasets, process real-time data, and achieve higher per-
formance in simulations. Some common methods for model lightweight 
are listed here:

• Level of Detail (LOD) models [821–824]: Creating different versions 
of the model with varying levels of detail. For example, a high-level 
LOD model may include only the main features, while a low-level 
LOD model contains fewer details for quicker processing.

• Decimation [825–827]: Removing certain elements or vertices from 
the 3D model, reducing its polygon count while retaining the overall 
shape.

• Feature suppression [828–830]: Temporarily hiding or simplifying 
specific features, annotations, or metadata that are not critical for 
the current analysis or simulation.

• Subdivision surfaces [826,831,832]: Representing complex sur-
faces using a lower number of control points, resulting in a more 
lightweight model.

• Parameterization [833–835]: Using mathematical parameterization 
techniques to represent complex shapes with simpler equations.

• Simplified physics models [836]: Employing reduced or approxi-
mated physics models for simulations, sacrificing some accuracy for 
faster computations.

• Data aggregation [837–839]: Grouping similar data points together 
or using statistical methods to reduce the overall data volume.

The benefits of model lightweighting in digital twin construction 
are multi-fold. Firstly, it enables real-time or near-real-time simula-
tions, making it possible to monitor and control physical assets and 
processes in an agile and responsive manner. Secondly, lightweight 
models are particularly valuable in fields like AM, where precise and 
rapid simulations are essential for optimizing designs and production 
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processes. Additionally, model lightweight allows for seamless integra-
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tion of digital twins with other systems and technologies, facilitating 
data exchange and collaboration.

Research efforts in model lightweighting focus on developing ad-
vanced algorithms, compression techniques, and data reduction meth-
ods to efficiently represent complex physical systems without sacrificing 
accuracy. These advancements contribute to the broader adoption and 
implementation of digital twins across various industries, enabling them 
to leverage the full potential of this technology for enhanced decision-
making, predictive maintenance, and process optimization. As digital 
twin technology continues to evolve, model lightweighting will remain 
a crucial aspect in building practical and scalable digital twin solutions 
for real-world applications.

4.2.2. In-situ monitoring and data analytics

In-situ monitoring of the digital twin in AM refers to the real-time 
data collection and analysis of the physical manufacturing process, 
which is then used to update and synchronize the corresponding vir-
tual model or digital twin [793]. This process involves the continuous 
monitoring of various process parameters, such as temperature, pres-
sure, material deposition rates, and other relevant variables during the 
AM process. The data collected from sensors and monitoring devices on 
the physical AM system are fed back to the digital twin, allowing it to 
dynamically adjust and simulate the evolving conditions of the physi-
cal process. In-situ monitoring plays a crucial role in ensuring accurate 
and up-to-date representations of the manufacturing process in the digi-
tal twin, enabling more informed decision-making, quality control, and 
optimization throughout the AM lifecycle. In-situ quality monitoring in 
digital twin-assisted AM goes beyond just being an objective; it serves as 
a comprehensive method to enhance the overall system, encompassing 
both the virtual and physical aspects. By integrating real-time data from 
various sensors into the digital twin, the virtual replica can continu-
ously monitor and analyze the manufacturing process. This data-driven 
approach enables the digital twin to identify defects, anomalies, or devi-
ations as they occur during the physical manufacturing process. Phua et 
al. [133] evaluated and reviewed the application of in-situ monitoring 
in the development of a digital twin for metal AM. They organized the 
research into four levels of increasing complexity, focusing on surrogate 
modeling, in-situ sensing, hardware control systems, and intelligent 
control policies. The proposed digital twin hierarchy offers a framework 
for engineering digital twins in AM and other intelligent manufacturing 
systems. Chen et al. [840,841] developed a multisensor fusion-based 
digital twin for in-situ quality monitoring and defect correction in AM. 
They synchronized and registered data from multiple sensors, including 
an acoustic sensor, an infrared thermal camera, a coaxial vision cam-
era, and a laser line scanner, to predict location-specific quality using 
machine learning. This allowed for on-the-fly identification of regions 
requiring material addition or removal and enabled auto-tuned process 
parameters for defect correction.

Absolutely, data analytics is also a crucial aspect of the digital twin 
of AM. It involves several key components, including:

• Data Collection: The data collection process during additive man-
ufacturing involves utilizing various technologies, including Indus-
trial IoT [842–844], sensors, digital gauges [845–847], RFID (Radio 
Frequency Identification) [848,849], cameras [850–852], and 3D 
scanning devices [853–855]. These technologies capture essential 
data during the additive manufacturing process.

• Data Mapping: Once the data is collected, it needs to be or-
ganized and mapped in a way that makes sense for the digi-
tal twin. Data mapping is essential for organizing and structur-
ing the collected data. Commonly used data mapping technologies 
include XML (Extensible Markup Language) [856–860], Automa-
tionML [861–863], OPUUA (Open Platform Communications Uni-
fied Architecture) [864–866], and MT connect [867–869]. These 
technologies facilitate data standardization and efficient data ex-

change between the physical system and the digital twin.
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Fig. 17. Digital twins for additive manufacturing workflow.
• Data Processing: Data processing techniques are applied to ana-
lyze and interpret the collected data. This includes data fusion 
[870–873], where data from multiple sources are integrated to pro-
vide a comprehensive view. Blockchain technology may also be 
used for data security and integrity [874–879]. Edge computing is 
used for local processing, reducing the burden on central servers 
[880–884]. Signal processing is employed to extract meaningful in-
formation from raw data [885–888].

• Data Transmission: The collected and processed data need to be 
transmitted between the physical system and the digital twin. For 
this purpose, various data transmission technologies are used, such 
as Bluetooth [889–891], wireless sensor networks [892–895], field-
bus networks [896–898], and 5G [899–901]. These technologies 
enable real-time or near-real-time data exchange, ensuring seamless 
communication between the physical and virtual environments.

4.2.3. Whole workflow

According to the existing research on digital twins, the main steps 
to construct digital twins for AM are demonstrated in Fig. 17 and also 
summarized as follows [114,133,134,790,793,814,902–907]:

Step 1: Create a Digital Twin The first step in utilizing digital twin tech-
nology for AM is to create a digital twin of the entire manufacturing 
process. A digital twin is a virtual representation of the physical sys-
tem, encompassing the equipment, materials, and process parameters 
involved in AM. Creating a digital twin requires specialized software 
and expertise in modeling and simulation to accurately capture the com-
plexities of the manufacturing process.

Step 2: Identify Key Parameters and Variables Once the digital twin has 
been created, the next step is to identify the key parameters and vari-
ables that have a significant impact on the AM process. These can 
include process parameters, material properties, equipment settings, en-
vironmental conditions, and other relevant factors. Each parameter and 
variable must be carefully analyzed and understood to ensure their ac-
curate representation within the digital twin model.

Step 3: Develop a Comprehensive Simulation Model Using the digital twin 
and the identified parameters and variables, a comprehensive simula-
tion model is developed to simulate the AM process. The simulation 
model should incorporate the physics, mechanics, and dynamics of the 
process, accurately reflecting the interactions and dependencies be-
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tween various components. Developing a simulation model requires 
expertise in modeling and simulation software, as well as a deep un-
derstanding of the AM process.

Step 4: Perform Virtual Experiments and Analysis Utilizing the simulation 
model within the digital twin, virtual experiments can be performed to 
simulate and analyze the AM process under various conditions. Virtual 
experiments allow for the exploration of different scenarios, the evalua-
tion of alternative process settings, and the prediction of manufacturing 
outcomes. The results of these virtual experiments are thoroughly ana-
lyzed to gain insights into the process performance, quality, efficiency, 
and other relevant metrics.

Step 5: Optimize Process Parameters and Variables Based on the analysis 
of the virtual experiments, the digital twin enables the optimization of 
process parameters and variables for AM. The insights gained from the 
simulation model help identify optimal settings that result in improved 
product quality, reduced production time, enhanced efficiency, and 
minimized waste. The optimization process involves adjusting and fine-
tuning the parameters and variables within the digital twin to achieve 
the desired manufacturing objectives.

Step 6: Validate and Refine the Digital Twin The optimized process pa-
rameters and variables obtained from the digital twin simulation are 
validated through physical experiments and actual manufacturing runs. 
The physical validation allows for the comparison of the digital twin’s 
predictions with real-world results, validating the accuracy and reliabil-
ity of the digital twin model. Any discrepancies or deviations between 
the digital twin and the physical outcomes and physical results are care-
fully analyzed to identify potential gaps or areas for improvement in the 
digital twin. The insights gained from the validation process are used 
to refine and update the digital twin model, ensuring its accuracy and 
reliability for future AM processes.

Step 7: Real-Time Monitoring and Control To enhance the effectiveness of 
the digital twin-assisted AM process, real-time monitoring and control 
systems can be implemented. By integrating sensors and data acquisi-
tion systems into the manufacturing setup, real-time data on process 
parameters, equipment performance, material properties, and product 
quality can be collected. This real-time data is fed into the digital twin, 
enabling continuous monitoring and control of the AM process. Real-
time monitoring allows for proactive identification of deviations, timely 
adjustments, and optimization to maintain optimal manufacturing con-

ditions and product quality.
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Step 8: Lifecycle Management and Predictive Maintenance In addition to 
process optimization, the digital twin can be utilized for lifecycle man-
agement and predictive maintenance. By incorporating data on equip-
ment condition, maintenance history, and usage patterns into the digital 
twin model, manufacturers can monitor the health and performance of 
the manufacturing equipment. Predictive maintenance algorithms can 
analyze the data from the digital twin to predict equipment failures and 
recommend maintenance actions, minimizing downtime and optimizing 
equipment utilization.

Step 9: Data-Driven Decision-Making and Continuous Improvement Lever-
aging the wealth of data generated from the digital twin, real-time 
monitoring, and other sources, manufacturers can employ data analytics 
and machine learning techniques to extract insights and make data-
driven decisions. By analyzing historical data, identifying patterns, and 
detecting correlations, manufacturers can gain a deeper understanding 
of the AM process. This allows for continuous improvement through 
the identification of optimization opportunities, root cause analysis of 
issues, and the implementation of strategies to enhance overall opera-
tional efficiency and productivity.

Step 10: Integration with Supply Chain and Design Processes To fully har-
ness the potential of digital twin-assisted AM, the digital twin can be 
integrated with other aspects of the supply chain and design processes. 
By connecting the digital twin with supply chain management systems, 
manufacturers can optimize material flow, inventory management, and 
production scheduling. Furthermore, integrating the digital twin with 
design software enables design optimization, rapid prototyping, and 
design-for-manufacturability analysis, leading to improved product de-
signs and reduced time-to-market.

4.3. Future development and perspective

The future development directions of digital twin-assisted AM en-
compass a multi-faceted approach that leverages advancements in vari-
ous domains to enhance its capabilities and impact on the manufactur-
ing industry. To fully capitalize on this potential, several critical areas 
require focused attention.

Firstly, the research has shown that digital twins have tremendous 
potential for optimizing build speed and part performance in metal 
AM systems. To unlock this potential, future work needs to focus on 
improving surrogate modeling techniques to enable deeper integration 
with higher levels of the digital twin hierarchy. Multi-physics validation 
and enhancement of surrogate model performance, facilitated by larger 
datasets and emerging machine learning methods, are key areas to ad-
dress. Additionally, sensor development for AM-specific monitoring, 
such as computer vision for defect detection, requires further refine-
ment and integration into digital twins to enable real-time monitoring 
and control of the AM process.

Secondly, there is a need for a unified ontology for digital twin de-
velopment in AM. Efforts should be made to bridge the gap between 
low digital design levels and the high demand for digital twin technol-
ogy. This includes developing mathematical and simulation models to 
support digital twin construction and integration across various stake-
holders. Blockchain technology can be used to ensure seamless data 
access while protecting intellectual property.

Thirdly, the construction of digital twins requires the integration of 
a vast amount of manufacturing data from various sources, including 
5M1E data (Manpower, Machine, Material, Method, Measurement, En-
vironment) that affects product quality. Complex manufacturing system 
phenomena, including external factors like orders and supply chains 
and internal factors like machine degradation and workers’ skills, need 
to be considered for a comprehensive understanding of manufacturing 
systems.

Fourthly, when digital twins come to implement, they are critical for 
understanding the lifecycle of products and enabling predictive mainte-
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nance, fault detection, and diagnosis. Efforts should be made to connect 
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digital twins with physical twins, considering the decentralized nature 
of products, and integrate data from different stakeholders and lifecycle 
phases. Digital twins can also serve as “soft sensors” to extend the mea-
surement range and facilitate information flow throughout the entire 
lifecycle.

Finally, to accelerate the adoption of digital twins in metal AM, a 
suggested high-level roadmap involves forming a global partnership in 
research through international collaboration. Key topics for discussion 
and research include software and hardware challenges in multiscale-
multiphysics modeling, standardization, uncertainty quantification, ver-
ification and validation, and the use of machine learning for developing 
surrogate models for real-time queries by digital twins.

5. Conclusions

In this essay, we presented a comprehensive review of the inter-
section between big data, machine learning, and digital twins in the 
context of AM and examined how they can work together to improve 
the efficiency, accuracy, and sustainability of additive manufacturing 
processes. For machine learning, we explored its application in AM from 
five aspects, including material analysis, design optimization, process 
optimization, defect detection and real-time monitoring, and design for 
sustainability. The ability to leverage big data from various sources 
further reinforces the effectiveness of machine learning in providing 
data-driven insights and decision-making capabilities. For digital twin, 
we reviewed its current research status and the technical approach to 
build the digital twins for additive manufacturing. We also outlined 
future development directions of application of digital twins to addi-
tive manufacturing. The combination of big data, machine learning, 
and digital twins has the potential to reshape the AM landscape, fos-
tering innovation, sustainability, and efficiency. As this field continues 
to evolve, further research and collaboration among academia, indus-
try, and policymakers are essential to realize the full potential of these 
technologies in AM.
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Table 4

Acronym used in this paper.

Term Acronym
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Additive Manufacturing AM
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Cluster Analysis CA
Central Composite Design CCD
Computational Fluid Dynamics CFD
Convolutional Neural Networks CNN
Directed Energy Deposition DED
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Design of Experiments DoE
Digital Twin DT
Decision Tree DTree
Electron Beam Melting EBM
Full Factorial Design FFD
Fused Deposition Modeling FDM
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Term Acronym
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Linear Regression LR
Machine Learning ML
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Process Parameter Optimization PPO
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Reinforcement Learning RL
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