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Abstract

The additive manufacturing (AM) landscape has significantly transformed in alignment with
Industry 4.0 principles, primarily driven by the integration of artificial intelligence (AI) and
digital twins (DT). However, current intelligent AM (IAM) systems face limitations such as
fragmented Al tool usage and suboptimal human-machine interaction. This paper reviews
existing IAM solutions, emphasizing control, monitoring, process autonomy, and end-to-end
integration, and identifies key limitations, such as the absence of a high-level controller for
global decision-making. To address these gaps, we propose a transition from IAM to
autonomous AM, featuring a hierarchical framework with four integrated layers: knowledge,
generative solution, operational, and cognitive. In the cognitive layer, Al agents notably enable
machines to independently observe, analyze, plan, and execute operations that traditionally
require human intervention. These capabilities streamline production processes and expand the
possibilities for innovation, particularly in sectors like in-space manufacturing. Additionally,
this paper discusses the role of Al in self-optimization and lifelong learning, positing that the
future of AM will be characterized by a symbiotic relationship between human expertise and
advanced autonomy, fostering a more adaptive, resilient manufacturing ecosystem.
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Nomenclature

AAM
AE
AHP
Al

AM
AMaaS
ANN
AR
BASNet
BJT
BN
CAN
CFD
CMfg
CNN
CPS
CvV
DED
DfAM
DL
DNN
DOF
DRL
DT
FBG
FDM
FEM
FL
GAN
GBR
GP
GPR
GS
HEA
HMI
HNN
1AM
ICME
ICP
IKG
IoT
IoU
ISM
KD-Tree
KB-ANN
KG
KNN
LightGBM
LLM
LMM
LPBF
LSTM
MDKG
MAFN
MARL

Autonomous additive manufacturing
Acoustic emission

Analytical hierarchy process
Artificial intelligence

Additive manufacturing

Additive manufacturing as a service
Artificial neural network
Augmented reality

Boundary-aware segmentation network
Binder jetting

Bayesian network

Conditional adversarial network
Computational fluid dynamics
Cloud manufacturing

Convolutional neural network
Cyber physical system

Computer vision

Directed energy deposition

Design for additive manufacturing
Deep learning

Deep neural networks

Degrees of freedom

Deep reinforcement learning
Digital twins

Fiber Bragg grating

Fused deposition modeling

Finite element method

Federated learning

Generative adversarial network
Gradient boosting regressor
Gaussian process

Gaussian process regression
Gaussian splatting

High entropy alloy

Human machine interaction
Hopfield neural network

Intelligent additive manufacturing
Integrated computational materials engineering
Iterative closest point

Industrial knowledge graph
Internet of Things

Intersection over Union

In-space manufacturing
K-dimensional tree
Knowledge-based artificial neural network
Knowledge graph

K nearest neighbors

Light gradient boosted machine
Large language model

Large multimodal model

Laser powder bed fusion

Long short-term memory
Multi-domain knowledge graph
Multi-modal attention fusion network
Multi-agent reinforcement learning

MDP Markov decision process

MEX Material extrusion

MIJT Mateial jetting

ML Machine learning

MLP Multi-layer perception

MMDF Multimodal data fusion

MR Mixed reality

MRI Magnetic resonance imaging
NDT Non-destructive testing

NER Named entity recognition

NeRF Neural reflectance field

NLP Natural language processing
NO Neural operators

OES Optical emission spectroscopy
PBF Powder bed fusion

PINN Physics-informed neural network
PSO Particle swarm optimization
PSP Process-structure-property
PSPP Process-structure-properties-performance
RAG Retrieval augmented generation
RFR Random forest regressor

RL Reinforcement learning

RNN Recurrent neural network
SCNN Spectral convolutional neural network
SHL Sheet lamination

SILM Selective laser melting

SLS Selective laser sintering

SNN Shallow neural networks

SVM Support vector machine

TL Transfer learning

TO Topology optimization

TSDF Truncated signed distance field
TSP Traveling salesman problem
VLM Vision language model

VPP Vat photopolymerization

VR Virtual reality

WAAM Wire arc additive manufacturing
XCT X-ray computed tomography
XGBoost Extreme gradient boosting

1. Introduction

Over the past decade, AM has significantly transformed the
manufacturing landscape by enabling the production of com-
plex and customized products. AM processes have evolved
quickly within the seven standard classifications established
by the ASTM and ISO standards committee (ISO/ASTM
52900:2021): BJT, DED, MEX (also known as FDM), MIJT,
PBF, SHL, and VPP. These advancements are driven by innov-
ations in multi-materials including polymers [1], composites
[2], ceramics [3, 4], biomaterials [5, 6], sands [7], and metal
alloys [8, 9], etc, as well as creations and improvements in
multi-scale (macro, micro, and nano) AM processes including
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4D printing [10], bioprinting for organs [11], nano-printing
[12], and electronics printing [13], etc. This has broadened
the scope of AM applications in sectors like medical [14, 15],
dental [16], aerospace [17], defense [18], automotive [19],
food [20], energy [21], construction [22], and semiconductor
[23] industries. This transformation aligns with the principles
of Industry 4.0, which emphasizes the integration of the IoT,
data science, and CPS to enhance automation and connectivity
in manufacturing [24].

Moreover, the convergence of material science and Al has
further accelerated progress in AM, particularly in processes
heavily influenced by material properties, such as metal AM.
Al has become an essential tool in material science, aid-
ing tasks like discovering new materials or modifying exist-
ing materials to possess great printability and desired proper-
ties for AM [25], microscopic image analysis for prediction
[26], which supports the understanding of material nature and
improves the materials characterization. This enhanced under-
standing contributes to better performance in parts produced
through AM and more accurate predictions of fatigue life [27].
These advancements have paved the way for the development
of IAM, which focuses on optimizing AM decision-making
for the whole life cycle, including material science and devel-
opment for AM [28].

IAM systems leverage the growing capabilities of Al, par-
ticularly its ability to produce optimal results, which are revo-
lutionizing the field of AM. Al encompasses various fields and
techniques, including ML/DL, CV, NLP, and robotics. These
techniques analyze patterns, make intelligent decisions, solve
complex problems, and augment human capabilities. Despite
these advancements, the application of Al in AM remains
fragmented, with individual tools often used independently
for tasks such as in-situ monitoring, design optimization, or
process automation. This lack of a comprehensive framework
limits the full potential of AM, as the correct selection and
application of Al tools for specific purposes remains challen-
ging. Moreover, current research predominantly focuses on
isolated applications like design optimization [29] and pro-
cess monitoring [30], with less attention given to system-level
integration.

Although hybrid intelligent solutions, such as frameworks
based on DT [31, 32], have been proposed for monitoring,
modeling, control, and simulation, they are not yet widely
implemented, and IAM systems still rely on human interven-
tion. This reliance limits IAM’s ability to function as a fully
integrated, autonomous solution, resulting in a fragmented
approach that lacks a holistic view of the manufacturing pro-
cess. Additionally, the multi-source and heterogeneous nature
of data in IAM poses significant challenges for seamless sys-
tem integration [33]. This challenge is further compounded by
the reliance on open-loop control for higher-level decision-
making, which restricts proactive management and optimiz-
ation. While feedback control loops are present internally,
such as in in-situ monitoring [34], IAM lacks a fully closed-
loop system capable of autonomously addressing robustness
and resilience issues. These limitations underscore the need
for a more robust, resilient, and autonomous manufacturing
solution.

To address these challenges, this article proposes an AAM
framework that moves beyond the limitations of current
IAM systems, specifically fragmentation, limited adaptabil-
ity, and dependence on human intervention. The proposed
AAM framework consists of key layers representing an integ-
rated solution: knowledge, predictive, operational, and cognit-
ive layers. The knowledge layer exacts knowledge from sens-
ory data, physical models and simulations, and historical lib-
raries, which are then pre-processed and fed into the generat-
ive solution. Here, advanced Al technologies such as multi-
sensor fusion, multimodal fusion, LLMs, and KGs are used
to produce predictive models for supporting future decision-
making. The operational layer focuses on module validation or
function-level implementation, addressing the question, ‘How
to realize the AAM system?’ The cognitive layer features Al
agents capable of independently and cooperatively observing,
analyzing, reasoning, planning, acting, and reflecting. These
capabilities enhance the efficiency and precision of manufac-
turing processes and broaden the scope of possible applic-
ations. Al agents significantly impact production workflows
by streamlining processes and participating in every stage of
the AM process, from observing and planning to coordinat-
ing tools and analyzing outcomes for better decision support.
Furthermore, these agents automate routine tasks such as batch
printing, freeing human operators to focus on more complex
and innovative aspects of manufacturing.

This review highlights the current advancements in IAM
and provides a roadmap for achieving true autonomy by integ-
rating these tools into a cohesive framework. The aim of
this work is to propose an innovative and practically imple-
mentable AAM framework that addresses the fragmentation
in JAM. By enhancing autonomy, adaptability, and resili-
ence, this framework aims to advance the AM ecosystem. We
begin by discussing three types of autonomy that serve as
cornerstones within the AAM system. Then, we propose the
concept of AAM, distinct from IAM, as a hierarchical frame-
work leveraging Al agents. The proposed AAM framework
emphasizes autonomous decision-making, utilizing advanced
techniques such as KGs and Al agents to create a stream-
lined workflow. Through a comprehensive analysis of current
advancements and case studies, this paper offers insights into
how AI and AI agents are ushering in a new era of autonom-
ous future manufacturing solutions. These advancements
pave the way for a more innovative, flexible, and adaptive
approach to the industry, particularly in complex environments
like ISM.

The remainder of this paper is organized as follows.
Section 2 discusses control autonomy, focusing on robotic-
assisted AM and automated toolpath planning. Section 3
reviews the state of monitoring techniques, including ex-
situ and in-situ monitoring, and multi-sensor data fusion.
Section 4 introduces process autonomy within AM, cov-
ering aspects from model preparation to autonomous
post-processing. Section S5 discusses higher-level pro-
cess integration. Section 6 presents our proposed AAM
system with detailed explanations. Finally, section 7
summarizes the findings of the paper with a vision of AAM
systems.
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2. Control autonomy

The development of control autonomy marks a significant
advancement in automating complex, high-level tasks within
AM processes. Unlike conventional manufacturing work-
flows, which are often rigid and lack adaptability, control
autonomy enables AM systems to respond dynamically to
complex geometries and adapt material processing strategies.
This flexibility is crucial for producing intricate or highly cus-
tomized parts, where precision and specific control over pro-
cesses are required to meet the desired performance criteria.

An important consideration in this discussion is the broader
trend toward advanced manufacturing paradigms, such as
the ‘multi-x’ approach, which involves multi-material, multi-
process, and multi-dimensional capabilities [35]. While com-
prehensive reviews [36, 37] delve into these advances, it is crit-
ical to understand that such trends highlight the growing com-
plexity challenges that AM systems must overcome. Control
autonomy plays a pivotal role in addressing these challenges
by allowing AM systems to seamlessly switch between dif-
ferent materials, processes, or dimensions within a single pro-
duction cycle [38]. Despite this broad context, this section will
narrow its focus to two core innovations that illustrate the
transformative power of control autonomy: robotic-assisted
AM and automated toolpath design. These technologies push
the boundaries of traditional AM, adding new layers of flexib-
ility and intelligence to production workflows.

2.1. Robotic-assisted AM

Robotic systems have become increasingly prominent in the
realm of AI and autonomous systems, and their application
in AM is no exception. Traditional AM configurations often
operate within the constraints of three DOF. For example,
within extrusion-based AM processes, the extrusion head typ-
ically travels along a horizontal plane (2 DOF) while the
build plate adjusts height in the vertical direction (1 DOF).
In some configurations, the extrusion head moves along the z-
axis (1 DOF) while the build plate handles the remaining two
DOFs [39]. Despite advancements like multi-gantry and multi-
nozzle technologies, which enhance efficiency, each compon-
ent’s workspace remains limited. The evolution of AM has
shifted from desktop-level printers to advanced systems incor-
porating robotics, enhancing freedom and flexibility. This shift
has opened new possibilities in AM, including extrusion-based
processes such as FDM and 3D concrete printing, as well as
metal AM processes like DED and its popular type WAAM
[40]. The integration of robotic technology in these processes
enables the creation of large-scale, intricate structures with
reduced waste and minimal post-processing requirements. The
adoption of robotic systems in AM has resolved many limit-
ations associated with traditional manufacturing. These sys-
tems can precisely manipulate various components, reducing
manual intervention and improving overall efficiency. The
increased autonomy of these systems allows for greater design
flexibility and spatial scales and reduces the time and resources
required for production.

A significant advantage of robotic AM systems is their abil-
ity to work in continuous free-form spaces, creating geomet-
rically complex designs at high quality that would be challen-
ging to achieve with conventional methods. Various robotic
systems are used in AM, including fixed multi-axis robotic
arms with designated end-effectors for different AM tasks.
For example, Kaji et al [41] introduced an adaptive traject-
ory planning technique for manufacturing tubular components
with variable overhang angles using a robotic DED process.
This method utilizes non-parallel slicing and dynamic adjust-
ments in scanning speed and tool orientation, allowing for the
construction of complex shapes without support for hanging
parts. Their study demonstrated the successful production of
bent pipes (with 45 degrees and 90 degrees bends) with high
dimensional accuracy and density, illustrating the potential of
robotic systems in producing defect-free, complex compon-
ents through DED.

Alternatively, instead of having the robot print on a fixed
platform from different directions, another robot-assisted fab-
rication scheme uses an extruder with 3 DOF may lay down
material on a build plate mounted on a robotic arm with high
DOF, although this method is less efficient due to poten-
tial gravity-related adhesion issues. For example, Wu et al
[42] introduced RoboFDM, a robotic system designed for 3D
printing without the need for support structures. RoboFDM
uses a robotic arm with 6 DOF for platform motion and a
3 DOF extruder to form PLA filaments. Unlike traditional
FDM, RoboFDM prints models along various directions by
decomposing them into support-free parts. Experiments suc-
cessfully demonstrated the system’s ability to print freeform
objects without support. Using similar logic, Bhatt et al [43]
introduced a supportless extrusion-based AM process for man-
ufacturing thin shell parts, which traditionally require sup-
port structures in conventional material extrusion processes.
In addition to the 3 DOF flexibility of the extrusion tool, the
building platform also reorients with 3 DOF, eliminating the
need for support, and saving time and material while avoid-
ing surface degradation. Figure 1 illustrates more integration
of industrial robotics in AM processes such as construction,
aerospace, and automotive.

However, while these fixed-platform robotic systems offer
advantages in supportless printing, they face inherent lim-
itations regarding scalability due to the constraints of rigid
workspaces. To address the issue, researchers have explored
various solutions, the most popular of which is the use of
mobile robotic printing. For example, Tiryaki et al [47] pro-
posed a mobile printing system designed to overcome scalab-
ility challenges. Unlike previous systems that could only print
while stationary, their proposed scheme enables ‘printing-
while-moving’, allowing single-piece structures of arbitrary
size to be printed in one go. Effective path planning for
robots is essential to ensure fluent printing-in-motion pro-
cesses. Sustarevas et al [49, 51] developed a high-level plan-
ning algorithm for robot-base paths and further evaluated
the effectiveness of the path planning algorithms by integ-
rating them in long-duration path planning with a short-
horizon model predictive controller. The system, Armstone,
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Figure 1. Robotics systems in AM for enhanced autonomy. (a) Utilization of a single industrial robot across various AM methods. (i) A

6-DOF ABB robot arm employed for high-DOF extrusion-based AM Reprinted from [44], © 2021 Elsevier B.V. All rights reserved. (ii) A
6-axis COMAU NJ130 robot and a 2-axis tilt-turn table used for wire arc AM Reproduced with permission from [45]. CC BY-NC-ND 4.0.
(iii) A six-axis KUKA robot utilized in the DED process Reproduced with permission from [46]. CC BY-NC-ND 4.0. (b) Advancements in
mobile robotics for increased flexibility. (i) A 6-DOF Denso VS-087 robot manipulator mounted on a mobile base for the FDM process ©
(2019) IEEE. Reprinted, with permission, from [47]. (ii) A MiR 100 mobile platform equipped with a 7-axis Franka Emika manipulator for
construction tasks Reproduced with permission from [48]. CC BY-NC-ND 4.0. (iii) A mobile robot platform employing Mecanum wheels

for holonomic motion in large-scale AM © (2022) IEEE. Reprinted, with permission, from [49]. (¢) Emerging trends in multi-robot
collaboration for large-scale and efficient AM. (i) Virtual fabrication and simulation of a surface of revolution with a parabolic profile,
achieved using three or more printing robots Adapted from [50], with permission from Springer Nature. (ii) An autonomous aerial-AM
framework employing multiple UAVs for collaborative, large-scale, extrusion-based AM. Adapted from [50], with permission from

Springer Nature.

successfully executed a 250 m multi-layer print, five times
longer than any previous printing-in-motion system. These
mobile robotics offer increased flexibility by allowing sys-
tems to move beyond static workspaces, making them par-
ticularly valuable in construction and large-scale manufactur-
ing, where producing components larger than the static range
of a fixed robotic system is critical. To further improve the
accuracy of mobile robots used in large-scale AM, Lachmayer
et al [48] proposed a robust alternative using a high-precision
2D line laser mounted on the robot’s end-effector, which
detects surface contours regardless of material or lighting. This
method can effectively address the challenge in force control
or vision-based techniques such as no contact force and vary-
ing lighting conditions. Instead, the depth data sensed by the
laser can control the robot’s trajectory and adjust speed for
consistent material application.

While robotic arms offer multi-axis printing and elim-
inate the need for support structures in complex objects,
they face challenges in design and control complexity. Issues
like arm singularities and structural vibrations can negatively
affect printing quality and accuracy. Additionally, even though
mobile robots enable printing in large, hard-to-reach areas,
their precision in positioning the printhead is limited by local-
ization uncertainties. For example, aerial robots, affected by
propeller vibrations, struggle with accuracy, while ground-
based robots may suffer from issues like vibrations due to
specific wheel configurations (e.g. Mecanum wheels). To mit-
igate these risks, research has extended control autonomy
through collaborative robotics [52], which reduces the com-
plexity of individual robot tasks and compensates for the lim-
itations of single robots. For example, Zhang et al [50] utilized
collaborative aerial robotics, providing an unbounded action
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space and allowing for the construction of complex struc-
tures in previously inaccessible locations. This technology has
potential applications in building infrastructure, remote site
construction, and other domains where traditional manufac-
turing methods face logistical and spatial limitations.
However, it is important to note that robot-assisted AM
remains unsuitable for certain processes, such as BJT and
PBF, which rely on large, highly specialized machines and
controlled environments. These processes do not lend them-
selves to the mobility and flexibility offered by robotic sys-
tems, as they typically depend on tightly controlled paramet-
ers and massive equipment to ensure precision and quality.
This limitation underscores the gap in applying robotic AM
to highly specialized manufacturing techniques, pointing to
an area where further research is necessary to extend control
autonomy across a broader range of AM processes.

2.2. Automatic toolpath design

Automatic toolpath design is another critical factor for enhan-
cing the precision and efficiency of AM processes [53], com-
plementing the control autonomy provided by robotic sys-
tems. By precisely controlling the print head, toolpath design
ensures that digital designs are accurately translated into phys-
ical objects. As highlighted by Tian et al [54], the main goals
of toolpath optimization are to improve surface quality, reduce
geometric errors, and increase time efficiency. Effective
toolpath optimization directly impacts the durability and qual-
ity of manufactured structures by enabling the creation of
fully dense objects without unintentional voids. Additionally,
it significantly improves time efficiency by minimizing non-
productive movements. For example, Volpato et al [55]
developed algorithms that minimize the repositioning distance
of the extrusion head in MEX. Their approach, which com-
bines the nearest insertion heuristic with 2-opt optimization,
demonstrated that build times could be substantially reduced
by optimizing head movements, with the complexity of the
object’s geometry influencing the extent of these improve-
ments. Toolpath optimization also facilitates the production
of objects with variable shell thickness and dynamic resolu-
tion. For instance, Gharehpapagh et al [56] proposed an adapt-
ive toolpath generation method using a rectangular-orifice
nozzle, which adjusts bead width to improve accuracy. Their
method achieved a shell thickness range from 0.45 mm to
0.9 mm, effectively allowing the nozzle to print lines twice as
wide, demonstrating the flexibility and precision this approach
provides.

Traditionally, numerical modeling techniques, such as the
FEM and TO, have been used for toolpath optimization [57,
58]. In conventional TO processes, the applied loads, bound-
ary conditions, and structural information of the part are
defined upfront, after which FEM is employed to calculate
material distribution. However, Sales et al [59] identified sev-
eral limitations of TO in this context. First, TO is computa-
tionally intensive, which becomes impractical when applied

to every layer during process planning. Second, while TO
generates discrete outputs, extrusion-based AM requires con-
tinuous toolpaths, making conversion from TO results com-
plex and inefficient. Additionally, speeding up TO by using
a coarse discretization reduces the resolution of the output,
further complicating the toolpath generation. Ren et al [60]
also noted the challenges of evaluating different toolpaths,
which often depend on labor-intensive experiments or costly
high-fidelity simulations. Given the time demands of numer-
ical modeling, conducting both simulation and optimization
in parallel is impractical, particularly as structural complexity
grows. While brute-force simulations can optimize toolpaths
for simple structures, this approach becomes computation-
ally prohibitive for more complex designs. Therefore, more
efficient computational strategies are needed to navigate this
growing complexity.

Recent advancements in automatic toolpath design have
shifted from relying solely on traditional methods to integ-
rating ML techniques. These ML algorithms build on the
foundations of traditional approaches, using them as ref-
erence points to navigate the vast search space associated
with complex optimization problems. The primary object-
ives of these ML-driven approaches include: (i) leveraging
surrogate modeling to achieve simulations that are faster
than physics-based models, thus offering process evolution
for the largely unexplored domain of realistically sized lay-
ers of arbitrary shape [61]; (ii) reverse engineering com-
posite material parts to capture the geometry and recon-
struct the toolpath [62]; (iii) optimizing toolpaths to avoid
the accumulation of internal residual stress [63], predict-
ing the optimal toolpath that minimizes the average thermal
gradient [64], and improving the thermo-mechanical proper-
ties such as in WAAM [65]. A detailed comparison of different
ML algorithms for toolpath design and optimization, categor-
ized by data efficiency, optimization capability, and real-time
adaptation, is summarized in table 1. Data efficiency refers to
models handling limited or synthetic data; optimization cap-
ability highlights those excelling in decision-making, and real-
time adaptation covers models that dynamically adjust to new
data.

In addition to advancements in ML techniques, table 1
highlights the varied performance outcomes of toolpath optim-
ization objectives, which depend on the material and AM pro-
cess used. For example, thermal management is a critical con-
cern due to the high energy input and resulting thermal gradi-
ents in metal-based AM processes like WAAM. Inadequate
heat control can cause macro-level defects such as warping and
cracking, which negatively affect the mechanical properties of
the printed part. Poor heat control can affect material solid-
ification and lead to porosity at the micro-level, further com-
promising part performance. Therefore, optimizing heat distri-
bution and minimizing residual stresses is essential for main-
taining both part quality and dimensional accuracy. Toolpath
strategies for metal AM processes focus on the precise timing
of material deposition to effectively manage heat dissipation
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Table 1. Comparison of ML models for AM processes based on key advantages in autonomous toolpath design and optimization®.

References Objective AM process ML algorithm DE oC RA
Li et al [66] Improves consistency FDM CAN v
and geometric
accuracy
Zhou et al [67] Selects filling path for FDM SVM v
lattice structures
Dong et al [68] Reduces path length, FDM HNN v
printing time, and
improves quality
Nguyen et al [69] Reduces defects in WAAM ANN v
rib-web structures
Zhou et al [65] Optimizes WAAM Genetic evolution v
thermal-mechanical
properties
Kunchala et al [70] Enhances weld bead WAAM Hybrid-TLBO & v
deposition and SVM
surface quality
Petrik et al [71] Fully automates path WAAM DRL v 4 v
planning for thin
walls
Sideris et al [72] Maintains consistent WAAM Monte Carlo tree v
preheat temperature search
Stathatos et al [61] Simulates real-time Laser-aided AM ANN v
temperature and
density
Ren et al [73] Predicts temperature Laser-aided AM FEM & RNN v
and selects optimal
toolpath
Kim et al [64] Minimizes average SLS DL v
thermal gradient
Qin et al [74] Minimizes thermal SLM KNN v
gradients for reduced
deformation
Qin ef al [63] Avoids thermal SLM DRL v v v
accumulation regions
Ikeuchi et al [75] Improves geometric Cold Spray AM ANN v
control in single-track
profiles
Ikeuchi et al [76] Predicts overlapping Cold Spray AM GPR v

track profiles for
quality improvement

2 Note: DE is Data Efficiency, OC is Optimization Capability, and RA is Real-time Adaptation

and reduce deformation during cooling. In contrast, extrusion-
based AM processes, such as FDM, prioritize surface quality
and geometric accuracy over thermal management. Parameters
like deposition speed and layer height significantly influence
surface finish and dimensional precision. Since polymers used
in FDM are less prone to thermal stress compared to metals,
the primary focus of toolpath strategies in these processes is on
optimizing print speed and path smoothness to minimize geo-
metric deviations and improve surface quality. Additionally,
controlling extrusion width and material flow is crucial for
avoiding voids and ensuring consistent layer adhesion. These
differences underscore the need to tailor toolpath designs

to the specific material and AM process to achieve optimal
performance.

It is also worth noting that while ML-driven solutions offer
significantly greater computational efficiency than traditional
physics-based simulations, the challenge of acquiring large,
high-quality datasets for training these models remains a lim-
itation. RL, a promising ML technique, addresses this issue
by interacting with its environment and learning adaptively.
Unlike supervised learning algorithms or population-based
optimization methods (e.g. genetic algorithms), which rely on
large, labeled datasets or pre-defined data, RL learns through
trial and error. It receives feedback in the form of rewards
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for its actions, allowing it to adapt and optimize in real-
time without the need for a fixed dataset. This makes RL
particularly effective in environments where conditions or
tasks change over time, such as in AM processes. The unique
advantages of RL, as detailed in table 1, further underscore its
value in this context.

The adaptive nature of RL makes it especially suitable
for generating optimal toolpaths in AM processes. RL agents
can identify paths that minimize print head lifts and overall
print time, resulting in more efficient and optimized print-
ing processes [77]. For example, Petrik and Bambach [71]
successfully applied RL to path planning in the specialized
WAAM process. In their work, the RL agent was responsible
for planning the deposition path, adjusting welding speed, and
regulating wire feed rates with minimal human input and para-
meterization. The learned policies from this RL model were
not only effective but also generalizable to other geometries,
demonstrating the flexibility and adaptability of RL in diverse
AM scenarios.

In summary, alongside robotic systems, toolpath planning
and optimization play a critical role in enhancing control
autonomy in AM. By leveraging ML techniques, significant
improvements can be achieved in the efficiency and accuracy
of toolpath generation. These advancements enhance the pre-
cision and reliability of the manufacturing processes and con-
tribute to the development of more optimized and autonomous
AM systems.

3. Monitoring autonomy

While substantial progress has been made at the macro-level
in terms of control autonomy, the detailed micro-level aspects
of the AM process continue to present significant challenges.
Defects such as porosity, cracks, delamination, and distortion
are prevalent in the microscale. These defects often originate
during the layered material deposition process, where incon-
sistencies in layer adhesion, thermal stresses, nanoparticle
movements, and material properties can lead to significant
flaws in the final product. Such defects can propagate from one
layer to subsequent layers, potentially causing the entire build
to fail. Therefore, monitoring and controlling these defects is
critical to improving the repeatability, reliability, and quality
of AM-produced parts.

Traditionally, time-consuming ex-situ monitoring methods
(e.g. metallographic examinations) are used post-production
to detect defects, which are destructive in most cases. While
recent ML advancements have improved the accuracy of
defect detection in ex-situ methods, they remain reactive,
addressing defects only after the part is built, leading to delays
and added costs due to rework. In contrast, in-situ monitor-
ing combined with ML enables real-time defect detection dur-
ing the manufacturing process. This proactive approach allows
immediate adjustments to printing parameters, enhancing effi-
ciency, preventing defect propagation, and improving overall
part quality. The following comparison in table 2 summarizes
the key differences between ML-enhanced ex-situ and in-situ
monitoring methods.

3.1. Ex-situ monitoring techniques

Current practices for detecting process-induced defects
primarily rely on post-production inspections to ensure that
printed parts have acceptably low defect concentrations.
This approach, known as ex-situ or post-event monitor-
ing, includes both destructive and NDT methods. While
providing valuable insights into the effects of processing
parameters on microstructure and mechanical properties,
destructive testing is often impractical for all parts due to
its nature of causing damage. Conversely, NDT methods
such as ultrasonic testing, XCT, and MRI are generally pre-
ferred as they assess part quality without causing damage
[78]. However, these inspections are time-consuming and
expensive, especially for large or complex parts, which
only provide a snapshot of the final product’s condition
rather than continuous monitoring throughout the production
process.

Among NDT methods, XCT is particularly valuable for
validating and evaluating in-sifu results. XCT can detect
geometric accuracy on all surfaces, including complex and
internal features, and investigate internal defects such as
porosity and cracks [79]. Despite its benefits, XCT is time-
consuming and expensive, with the quality of results vary-
ing based on the setup, part size, and geometry [80]. For
instance, achieving high spatial resolution in XCT requires
generating extensive data sets, which can limit the scan
volume and increase acquisition time. Additionally, x-ray
penetration depends on part size and density, which can
affect image quality. The manual thresholding required
to produce usable images and segmentation labels from
XCT scans further hinders scalability, making it challen-
ging to apply these methods in high-throughput production
environments.

Recent advancements in Al offer promising solutions to the
challenges of detecting process-induced defects in AM. For
example, Wong et al [81] developed an automatic porosity
defect segmentation method for metal AM using a deep CNN
architecture with XCT images. In their experiments, they util-
ized a publicly available dataset of AM XCT specimens con-
taining artificially generated pores and cracks of varying pos-
itions and geometries, which were processed through concat-
enation to form 3D volumetric images. The authors employed
CNN-based architectures, specifically 2D U-Net [82] and 3D
U-Net [83] for training and segmentation of defect regions in
the XCT specimens. This ex-situ defect identification method
achieved high-precision segmentation of AM porosity in XCT
images, with a reported IoU value of 0.993. Similarly, Zamiela
et al [84] proposed a DL-based sensor fusion method utilizing
the U-Net architecture to enhance the prediction accuracy of
porosity in laser-based AM. Their method integrates thermal
history images, generated from melt pool images using K-
means regression, with ex-situ ultrasonic images within the
latent space of the encoded features. By combining these two
types of data in the U-Net architecture, the approach signi-
ficantly improves the accuracy of porosity detection, lever-
aging the complementary strengths of thermal and ultrasonic
imaging.



Int. J. Extrem. Manuf. 7 (2025) 032006

Topical Review

Table 2. Comparison between ML-enhanced ex-situ monitoring and ML-enhanced in-situ monitoring in AM processes.

Aspect

ML-enhanced ex-sifu monitoring

ML-enhanced in-situ monitoring

Defect detection timing

Nature of testing
nondestructive (e.g. XCT)

Resource and time efficiency

Post-production (after the part is built)
Destructive (e.g. metallography) or

Time-consuming and labor-intensive due to

Real-time or near-real-time during the build
Non-destructive

Automated and continuous, minimizing

delayed analysis delays

Process impact Defects detected only after production is Proactive: detects and corrects defects
complete immediately

Scalability Limited scalability, especially for large or Highly scalable, suitable for
complex parts high-throughput production

Cost Expensive due to rework and testing Cost-effective due to reduced rework and
processes minimal waste

Accuracy High precision, especially with High precision with real-time optimization

ML-enhanced detection, but delayed until

post-process

and adjustments

These advancements illustrate how ML techniques have
significantly improved post-production defect detection.
Furthermore, researchers have identified the benefits of
combining ex-situ monitoring with in-situ monitoring for
more comprehensive defect detection [85]. For instance,
AbouelNour and Gupta [86] proposed a method for real-time
defect detection during the FDM process using image-based
techniques while validating the in-situ results with ex-situ
ultrasonic tensile testing. The authors noted that while ex-situ
monitoring is valuable for material characterization, integrat-
ing it with in-sifu monitoring can significantly enhance the
accuracy and quality of defect detection, which is pivotal to
the commercialization of AM technologies.

Therefore, to further enhance the quality and reliability of
AM processes, there is a growing trend towards leveraging ML
techniques for more automated, precise, effective, and flex-
ible in-sifu monitoring. By enabling real-time examination and
adaptive adjustments of printing parameters, these advance-
ments aim to ensure higher precision and consistency through-
out the production process.

3.2. In-situ monitoring techniques

AM faces significant challenges due to its inherent random-
ness, low reproducibility, especially in metal AM, and the dif-
ficulty of post-production defect detection. To mitigate these
issues, real-time or near-real-time monitoring of part quality is
essential. Recent advancements in Al-driven visual and signal
processing, along with hardware development, have made in-
situ monitoring technologies increasingly vital for AM. These
systems use a variety of sensors and imaging technologies to
collect real-time data, enabling the detection and correction
of defects as they occur. This proactive approach reduces the
likelihood of significant flaws in the final product, enhancing
overall manufacturing quality. By analyzing multi-modal data
during the printing process, these systems provide automated
monitoring, process control, fault detection, and quality assur-
ance, significantly improving the efficiency and reliability of
AM processes [34].

The key feature of in-sifu monitoring lies in its ability to
detect and adjust in real-time, rather than post-production,
making immediate decision-making and corrections crucial.
This on-the-fly data processing, coupled with the application
of ML, enhances autonomy and ensures continuous optimiz-
ation with precision throughout the printing process. In this
subsection, we will discuss recent work that utilized Al for
in-situ monitoring of AM processes. Table 3 presents a com-
prehensive overview of various sensory methods used for this
purpose.

3.2.1. Visual processing. Automatic in-situ monitoring in
AM processes relies heavily on visual data captured by high-
resolution cameras strategically placed within the printing
workspace. Central to this system is CV, a branch of Al that
allows computers to interpret visual data similarly to human
vision. CV analyzes captured images and converts raw visual
input into actionable insights, enhancing monitoring efficiency
and enabling real-time adjustments [113—115]. This capabil-
ity is vital for promptly detecting and correcting errors during
the printing process, thus maintaining quality and efficiency.
Additionally, CV provides detailed, non-invasive observations
of the printing process, reducing the need for manual interven-
tion and advancing autonomy. Integrating CV into AM mon-
itoring represents a significant step toward fully autonomous
AM systems. Figure 2 illustrates some notable examples of Al
applications in visual processing for in-situ monitoring in AM.

2D Image Processing. 2D images collected from cameras dur-
ing the AM processes are essential for defect detection and
quality control in in-situ monitoring. Cannizzaro et al [88]
exemplified this approach by using a CV to enhance real-time
monitoring and defect detection in metal AM. Their system
includes an off-axis camera mounted atop the machine, which
captures clear, uninterrupted images of each printed layer,
free from mechanical disturbances during the process. The
visual data are subsequently processed using two sophisticated
CV models to transform raw images into actionable insights.
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Table 3. Comparison of sensory methods for in-situ monitoring in AM process.

Sensory method

Advantages

Limitations

Typical applications

2D images

3D point cloud

Radiography

Thermography

Acoustic emission

Spectroscopic signals

Inexpensive and easy to set up
[87]; provides rapid visual
information [88]; broader
compatibility with various ML
techniques [89]

High fidelity and resolution;
captures comprehensive spatial
data for real-time comparisons
[91]

Non-contact, non-invasive;
suitable for subsurface defect
detection such as pores [95];
can penetrate dense materials
[96]

Non-contact, non-intrusive
method [34]; effective for
detecting surface thermal
anomalies [99]; can rapidly
scan large areas

Capable of detecting internal
faults and providing volumetric
information [78, 85];
cost-effective hardware [100]

Quick data collection and
analysis [107]; effective for
real-time monitoring [108];
provides insights into
mechanical and chemical
conditions [109, 110]; Captures
essential physical details useful
for process understanding [111]

Limited subsurface and internal
feature detection [34, 90];
performance is affected by
lighting, camera placement,
and environmental factors [85];
requires careful calibration to
avoid environmental
disturbances [87]

High computational cost due to
large data sets; limited
sensitivity to minor defects
[92]; complex and costly setup
[92]

Time-consuming and expensive
for large-scale production [85,
97]; limited resolution for
larger/thicker components [79];
high equipment cost and
complexity [98]

Low surface penetration [97];
ineffective for detecting
internal defects [34, 99];
susceptible to environmental
noise from temperature
fluctuations [85]

Highly sensitive to
environmental and
process-generated noise [101];
sensor placement is critical and
requires careful setup [102];
complex signal analysis
required [101]

Primarily applicable to metal
AM processes; complex data
requires advanced ML
techniques [109]; noisy signals
often require calibration and
filtering [112]

Infill layer deformation
detection [87]; real-time
parameter correction [89];
defect segmentation and
classification [88] etc.

Surface roughness detection
[93]; defect detection [92];
geometric accuracy
assessments [94] etc.

More useful for metal AM:
defect detection [95]; real-time
monitoring of subsurface
structures [96] etc.

Surface-level defect monitoring
[85]; real-time melt pool
temperature monitoring [99]
etc.

Detection of crack formation
and propagation [103, 104];
pore detection [101, 105];
monitoring of faulty nozzle
height [106] etc.

Real-time in-situ monitoring of
porosity levels during the LPBF
process [112]; monitoring pore
formation in metal AM [109];
optimization of local process
conditions in metal AM [108]

First, a U-net architecture, which is a DL model for semantic
segmentation, partitions images into segments to distinguish
defects from the background at the pixel level. This capability
is vital for accurately monitoring the dimensions and integ-
rity of each layer as it is formed, allowing for the capture and
detection of defects of high variability in shapes and dimen-
sions that are typical in AM defects.

Second, they use a GAN to augment their dataset with syn-
thetic images of potential defects, addressing the challenge
of insufficient training data in specialized applications. The
GAN enhances the robustness and accuracy of defect detection
by generating realistic images of various defect types. This
data augmentation approach tackles the common challenge of
insufficient training data for ML models in highly specialized

applications such as AM. Their system achieves a defect detec-
tion and classification accuracy of at least 79% across various
defect types (including holes, spattering, incandescence, etc),
with image processing operations taking less than one second.
This work serves as a representative example of how visual
processing using visible cameras and CV can be useful for
defect detection and in-sifu monitoring.

Similar work further explores the application of CV and
image processing to support in-situ monitoring of AM pro-
cesses. For example, Petsiuk and Pearce [87] introduced an
open-source CV-based system that employs cameras to con-
duct layer-wise analysis of the FDM process. Their sys-
tem utilized multiple-stage monocular image examinations,
including side view height validation to detect critical printing
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Figure 2. Methodologies for in-situ monitoring of AM processes using visual processing. (a) In-situ defect detection using an off-axis 2D
camera. (i) Holes, (ii) spattering, (iii) incandescence, (iv) horizontal defects, (v) vertical defects © (2022) IEEE. Reprinted, with permission,
from [88]. (b) Real-time vision-based method to evaluate AM process performance Adapted from [94], with permission from Springer
Nature. Defect detection by comparing the theoretical point cloud from the CAD model (left) with the reconstructed point cloud from the
printed part (middle). The resulting difference (right) reveals any errors or defects. (c) Real-time detection of keyhole pores in the LPBF
process (i)—(iv) From [99]. Reprinted with permission from AAAS. Defect detection by applying ML to (iv) scalograms generated from (iii)
the time-series signal of the average emission intensity from (i) thermal imaging, with (ii) representing an x-ray image for labeling. (d) Deep
learning-based keyhole segmentation in LPBF Reproduced from [95]. CC BY 4.0. Defect detection through post-processing (i) raw x-ray
images into (ii) normalized and standardized images, followed by image segmentation to identify (iii) ground truth-labeled defects,

comparing the ground truth with the prediction in (iv).

failures by examining the height of printed parts, global tra-
jectory correction to identify mismatches between reference
borders and printed outline, local texture analysis to detect
irregular sections of textures within the layer infill, and tar-
geted failures and corrective actions, where detected failures
are mapped to printer actions for real-time adjustments and
corrections. Throughout the stages of their system, the authors
adopted open-source CV libraries and algorithms such as
multi-template matching and ICP to track printing errors and
generate corrective actions based on the visual information
collected from the top-view and pseudo-side view of a camera
placed on the printer. This approach was validated experiment-
ally, showing substantial improvements in print reliability by
providing real-time adjustments through visual processing.
Building on advancements in visual processing for in-
situ monitoring, Brion and Pattinson [89] introduced a
comprehensive framework for in-situ monitoring of the FDM

process, significantly advancing real-time error correction and
adaptability. The framework starts with constructing a robust
dataset of 1.2 million images from 192 distinct parts, annot-
ated with four critical printing parameters: flow rate, lat-
eral speed, z offset, and hot-end temperature. This extens-
ive dataset facilitated the development of a multi-head deep
residual attention network with a shared backbone for fea-
ture extraction and four output heads, each classifying one
parameter as low, good, or high. This design enables sim-
ultaneous output, allowing the network to understand para-
meter interdependencies and identify multiple solutions for
the same error. To enhance parameter adjustment capabilit-
ies, the authors integrated an online correction pipeline into
the feedback control loop, incorporating proportional para-
meter updates, toolpath splitting, and optimized prediction
thresholding, resulting in a tenfold improvement in correc-
tion speed and response time. For instance, the system adjusts
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parameters based on a calculated probability derived from
average prediction results based on the image of the extruder’s
nozzle region. Despite being trained only on extruded PLA
parts, the system demonstrated exceptional generalizability
to unseen printer types, various camera positions, different
materials, and even direct ink write extrusion processes, all
using affordable equipment like standard consumer webcams
and Raspberry Pi units. This study highlights the significant
potential of visual processing for in-sifu monitoring, offering
a practical, cost-effective solution suitable for diverse indus-
trial applications, especially benefiting smaller operations with
limited budgets.

In summary, 2D image processing offers several practical
advantages for AM in-situ monitoring. The straightforward
use of cameras provides a simple yet highly flexible solu-
tion, allowing seamless integration into various AM systems
without disrupting the printing process. This ease of deploy-
ment enables rapid adaptation to diverse manufacturing envir-
onments with minimal modifications to existing setups, mak-
ing it a cost-effective approach. Additionally, 2D images, as
a fundamental data type in CV, are highly compatible with
a broad range of established ML methodologies, which offer
optimization and automation capabilities for the enhancement
of accuracy and efficiency in real-time in-sifu monitoring
applications.

Despite its advantages, 2D image processing has not-
able limitations, the most significant being its inability to
penetrate materials. This restricts the system to monitor-
ing only the visible surface, such as the melt pool or the
outermost printed layers, which limits its ability to detect
internal defects, often critical to ensuring the final part’s
quality [85]. Additionally, the performance of 2D image pro-
cessing is highly dependent on practical factors like light-
ing conditions and camera positioning, which can affect the
quality and reliability of monitoring. However, CV tech-
niques significantly enhance the utility of 2D image pro-
cessing by enabling real-time defect detection and quality
control.

Looking forward, several advancements and emerging
trends in sensory technology for in-situ monitoring deserve
attention. One emerging trend is the importance of high-
quality datasets in supervised learning, as it often relies on
large volumes of labeled data. Acquiring such datasets can
be time-consuming and labor-intensive, making techniques
related to unsupervised or semi-supervised learning prom-
ising alternatives. For instance, Manivannan [116] achieved
a state-of-the-art accuracy of 98% with only 25% of the
labeled training data in the SLS process. Similarly, Song et al
[117] proposed an unsupervised method for anomaly detec-
tion in the WAAM process, significantly improving recall rates
and achieving an F1 score of 86.3% on the test set. Other
related works include [118-120]. Another key development
is the transition from offline models to online models, which
bring greater adaptability to AM processes, allowing for more
dynamic control [121]. Lastly, advancements in hardware,
such as adaptive dark-field illumination systems that produce

high-contrast images, are also driving improvements in mon-
itoring capabilities [122].

3D Point Cloud Processing. Apart from 2D images collected
from cameras, 3D point clouds have become promising visual
data sources for in-situ monitoring in AM, offering compre-
hensive spatial details essential for evaluating the precision
and quality of manufactured objects.

In a study by Charalampous et al [94], a vision-based sys-
tem was developed to enhance the monitoring of the FDM pro-
cess. This system facilitates real-time comparisons between
printed objects and their corresponding digital 3D models.
It uses a high-resolution 3D structural light scanner to cap-
ture detailed point clouds of the objects’ external surfaces
during the printing process. This method provides a thor-
ough external view essential for geometric accuracy assess-
ments. The point clouds captured for each layer undergo
several processing stages to detect discrepancies precisely.
Initially, raw point clouds are filtered and segmented using
threshold cutoffs and Euclidean clustering, isolating the prin-
ted object from the build plate and other non-relevant ele-
ments. This segmentation focuses the analysis solely on the
target component. Subsequently, the segmented point clouds
are aligned with the digital model’s point cloud using the
ICP algorithm, ensuring accurate comparisons. Rather than
using complex and computationally intensive methods, the
authors employed a more conventional approach with the K-
D Tree for rapid point comparison. This method allows for
efficient and precise comparisons, enabling the detection of
dimensional deviations between the printed part and the digital
model in real time. Experimental validation using geomet-
rically complex objects, such as a spur gear and a centrifu-
gal impeller, demonstrated the system’s capability to mon-
itor and identify deviations effectively, confirming its effic-
acy in handling the intricacies of AM processes. This under-
scores the pivotal role of 3D point cloud processing in in-situ
monitoring.

Another study by Ye et al [91] leveraged DL with 3D
point cloud processing for in-situ layer-wise monitoring
of the FDM process. Initially, an online scanning system
using a structured light scanner captured 3D point clouds
of each printed layer. These point clouds were preprocessed
and registered with prior layers using a Gaussian mixture
model to ensure accurate alignment. Recognizing that global
patterns from the entire point cloud might not fully cap-
ture minute printing defects, the authors adopted a multi-
dimensional indexing approach to partition the point cloud
into local regions. To address limitations in traditional 3D
point cloud deviation measurement, they proposed measur-
ing the affinity between these point clouds using kernel cor-
relation. This method determines the affinity between local
regions of the captured point cloud and the reference point
cloud. The vectorized representations of these affinity meas-
urements were then fed into a deep cascade model consist-
ing of random forests to perform classification and facil-
itate in-situ anomaly detection. This innovative approach
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demonstrates the effective application of Al for real-time mon-
itoring and quality assurance, highlighting the potential of
advanced DL techniques to improve defect detection in AM
processes.

Numerous other studies have explored the combination of
ML with 3D point cloud processing for in-situ monitoring
and defect detection in AM processes. For instance, Akhavan
et al [123] developed a hybrid convolutional auto-encoder
decoder DL model to assess and control the quality of FDM-
manufactured parts in real time. During their experimentation,
a laser scanner captured the top surface point clouds of each
printed layer. These raw point cloud datasets were denoised
and transformed into 2D depth images for computational effi-
ciency. The HCAE model, consisting of multiple stacked lay-
ers of CNNs and inception modules, performed feature extrac-
tion and unsupervised training. The model’s outputs generated
control signals via a G-code manipulation algorithm, enabling
real-time process adjustments such as modifying print speed
and feed rate. In another study by Chen et al [124], ML tech-
niques were applied to 3D point cloud data for in-situ surface
defect identification during DED processes. A laser profiler,
mounted on top of the printing robotic arm adjacent to the
laser head, captured the 3D point cloud of the printed surface.
The raw point cloud data were denoised using a statistical out-
lier filter, and random sample consensus segmentation [125]
was performed to isolate regions of interest corresponding to
the target surface. Multiple ML techniques, including KNN,
SVM, and neural network, were employed to extract features
from the 3D point cloud data and classify surface defects into
four predefined types: no defect, bulge defect, dent defect,
and wavy defect. This approach enabled real-time identifica-
tion and classification of surface defects, enhancing the quality
control and reliability of the DED process.

In conclusion, the key advantage of 3D point clouds lies in
their ability to capture comprehensive spatial data, providing
a detailed and accurate representation of an object’s external
geometry. Unlike 2D image processing, which is limited to
capturing a single surface, 3D point clouds offer a full spa-
tial view, enabling real-time comparisons with digital mod-
els such as CAD designs. This capability allows for imme-
diate detection of deviations from predefined models, offer-
ing a significant advantage over traditional post-production
inspections, particularly in layer-by-layer deposition meth-
ods like FDM. However, implementing 3D scanning systems
can be expensive and complex, and the large data sets gener-
ated require substantial computational resources, which may
limit their use in specific applications. ML is increasingly
being integrated with 3D point cloud processing to overcome
these challenges, enhancing real-time defect detection and
quality control. In addition to advancements in algorithms
[123, 126], recent research is exploring the potential of 4D
reconstruction, which incorporates spatial-temporal inform-
ation from AM processes to expand the capabilities of 3D
point clouds further. For example, Chew et al [127] proposed a
framework for cold-spray AM by fusing dynamically captured
spatiotemporal 3D data. This approach effectively manages
dynamic scenes with continuously evolving objects, enabling

the detection of errors in layer height and changes in surface
roughness.

Radiography & Thermography. Radiography, particularly x-
ray imaging and CT scans, has become a pivotal tool in laser-
based metal AM [96, 128-130]. Its ability to penetrate metal
powder and substrates while maintaining an ultra-fast cap-
ture frame rate makes it ideal for overcoming the challenges
of monitoring internal structures and dynamics, which con-
ventional 2D imaging cannot achieve. In a notable study by
Dong et al [95], the authors explored the processing of x-ray
images using advanced DL and CV techniques to enable auto-
mated in-situ monitoring of the LPBF process, also known as
SLM, specifically for detecting keyholes and potential defects.
During the visual data collection phase of this study, x-rays
were directed at the active machinery during the fusion pro-
cess. The imaging of keyhole and pore shapes was trans-
formed into visible light using a scintillator and recorded by
a high-speed camera. Subsequently, these images underwent
post-processing through standardization and normalization to
ensure uniform resolution and binary color scales across all
images. The ground truths of the keyhole regions were manu-
ally labeled to support ML model training. Finally, the authors
employed the BASNet [131], an encoder-decoder-based DNN,
to perform semantic segmentation. This approach achieved
more than 90% segmentation accuracy for keyhole boundar-
ies, highlighting the effective synergy between CV and x-ray
image processing for in-situ monitoring.

Building upon the concept of in-sifu keyhole and pore form-
ation detection during LPBF, Ren et al [99] proposed an altern-
ative approach that combines radiography with thermography.
The motivation behind this study was the observation that
intense thermal conditions during the printing process can
induce structural defects. In this approach, the authors simul-
taneously collected x-ray images of internal sub-surface struc-
ture dynamics and thermal images of the melt pool. Here,
the x-ray images served as the ground truth for model train-
ing, while the thermal images facilitated pore-formation pre-
dictions. By training a CNN on thermal image-derived scal-
ograms, segmented into Pore and Non-pore categories based
on x-ray insights, the authors achieved near-perfect prediction
accuracy within sub-millisecond temporal resolution. This
integration of x-ray with thermal imaging is crucial as it lever-
ages the precise internal structural visibility offered by x-ray
imaging to create superior ground truth segmentation maps.
This, in turn, enhances the ML model’s training effectiveness,
further validated by the detailed surface temperature profiles
extracted by thermal imaging.

In summary, radiography, particularly x-ray imaging and
CT scans, is highly effective for penetrating metal powders
and substrates, allowing real-time monitoring of internal and
microscopic structures, such as keyholes and pores. This
makes it particularly suitable for processes like LPBF [85].
However, a key limitation of x-ray radiography is its reduced
resolution for large or thick objects, making it less effective for
detecting cracks and time-consuming for data acquisition and
analysis. Additionally, as part size increases, the sensitivity of
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the technique degrades, potentially preventing the detection of
critical defects in larger AM components [79, 98]. In contrast,
thermography excels at detecting surface-level and shallow
defects by capturing thermal signals during the AM process.
It offers real-time insights into melt pool dynamics without
disrupting the workflow [85]. However, its major drawback
is the inability to detect internal defects, as it only provides
information on the part’s external thermal characteristics [34].
When combined, thermography and radiography complement
each other: thermography captures external surface data, while
radiography offers crucial insights into internal structures.
Together, they create a comprehensive in-situ monitoring sys-
tem for detecting both internal and external defects.

Another notable trend in these sensory methods, similar to
2D imaging, is integrating semi-supervised or unsupervised
learning [132]. For instance, Li et al [133] developed AM-
SegNet, a model for high-resolution x-ray image segmenta-
tion and quantification. This model utilizes lightweight convo-
lutional blocks and a custom attention mechanism to achieve
highly accurate semantic segmentation (approximately 96%)
with fast processing speeds (<4 ms-frame~!). The segmenta-
tion results can be used for quantifying key features, such as
keyholes and pores, and for multimodal correlation analysis.
This also highlights a trend toward developing lightweight
models for real-time monitoring. Additionally, TL [134] is
under investigation, and the potential for training foundational
models that can be applied across various AM processes is a
promising area for further exploration.

3.2.2. Signal processing.  In addition to the visual informa-
tion captured by cameras, other digital signals, such as acous-
tic and spectroscopic data, play a crucial role in the in-situ
monitoring of AM processes. These signals offer complement-
ary insights that are instrumental in detecting and correct-
ing defects, thereby enhancing the overall effectiveness of the
monitoring system [135]. Moreover, signal-based monitoring
systems offer a practical advantage, as processing these one-
dimensional data streams typically requires less computational
power compared to visual data, making them more efficient
for real-time applications [85]. Figure 3 illustrates exemplary
works that have applied Al with signal processing for in-situ
monitoring of AM processes. The technical details of these
applications are discussed below.

AE. Acoustic signals are renowned for their high sensitiv-
ity and temporal resolution, making them ideal for captur-
ing subtle sound variations during AM processes. These one-
dimensional signals can be processed rapidly and are compat-
ible with various Al techniques. Furthermore, acoustic signals
are not constrained by material type or location and are free
from radiation hazards, significantly enhancing their utility in
detecting anomalies that visual inspections might miss [102].
This versatility makes them particularly advantageous for real-
time, non-invasive monitoring in AM.

In the study by Shevchik et al [101], AE signals were
combined with ML techniques for in-sifu quality monitoring

during the SLM process. The researchers deliberately adjusted
process parameters to generate pores of varying concentra-
tions. During the SLM process for each configuration, airborne
AE signals were captured using a FBG sensor, which detec-
ted the compression and extension of the fiber core induced
by sound waves. To address the limitations of CNNs in pro-
cessing irregular signals, the authors adopted SCNNs [137],
which effectively classified AE signals into quality categories
in realtime.

Similarly, Taheri et al [138] applied acoustic signal pro-
cessing for in-situ monitoring of DED processes. Acoustic
signals were collected using a commercial AE research sys-
tem equipped with acoustic transducers. These signals were
recorded under various operating conditions, including normal
operation and abnormal conditions such as low laser power
or improper powder feed. Spectral features were extracted
from the acoustic waveform signals using Fourier transform-
ation and homomorphic deconvolution filtering, providing a
detailed representation of the waveform patterns. These fea-
tures were classified using the K-means clustering algorithm,
with ground truth labels corresponding to the different operat-
ing conditions. This methodology enabled real-time identific-
ation of operational behaviors, allowing for the detection and
differentiation between normal and abnormal process states
during in-sifu monitoring of the DED process.

In another study, Wang et al [136] also leveraged ML
using AE for in-situ monitoring of the SLM process. The
authors performed experiments with different process para-
meters, such as laser power and scanning speed. AE signals
generated from the interaction between the laser, powder bed,
and substrate were collected using a four-channel AE acquis-
ition system (Ver. SAEU3H), with each sensor placed in a
corner of the printing area for comprehensive coverage. To
establish the ground truths, the printed parts were meticulously
analyzed using optical microscopes and classified into low,
medium, or high printing qualities based on porosity levels.
The collected AE signals were denoised using variational
modal decomposition with the whale optimization algorithm.
The extracted features were fed into a fully connected MLP
and an SVM, with the SVM demonstrating superior perform-
ance in mapping AE signals to the respective printing qualities.

Advancements in DL have significantly enhanced the mon-
itoring of metal AM processes. For instance, Pandiyan et al
[139] developed an unsupervised domain adaptation DL tech-
nique to improve the robustness of ML models in identi-
fying regimes in the LPBF process. This study specifically
addressed challenges related to changes in data distribution
caused by varying laser-material interactions. AE signatures
from the LPBF process, involving lack of fusion pores, con-
duction mode, and keyhole pores, were recorded using two dif-
ferent 316 1 stainless steel powder distributions (>45 pm and
<45 pm) under distinct parameter sets. By applying associat-
ive domain adaptation-based training on the proposed CNN-
based neural network, the study successfully inferred class
labels for an unlabeled AE data distribution based on know-
ledge from a labeled distribution. This method improved the
model’s generalization capability, resulting in high prediction
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Figure 3. Methodologies for in-situ monitoring of AM processes using digital signal processing. (a) Quality prediction through ML
processing of AE signals (a) (i), (ii) Adapted from [136], with permission from Springer Nature. (i) AE sensors capture real-time elastic
wave signals generated by interactions among the laser, powder bed, and substrate during the SLM process. These signals are amplified by a
preamplifier, recorded via a data acquisition system, and visualized on a computer for feature extraction and ML processing. (ii) The
proposed method decomposes AE signals into waveforms that closely resemble the original signals while preserving richer feature
information, improving interpretability and suitability for ML model training. (b) Acoustic emission monitoring using spectral
convolutional neural networks (b) (i), (ii) Reprinted from [101], © 2017 Elsevier B.V. All rights reserved. (i) The proposed framework is
equipped with a FBG sensor to detect airborne AE signals. (ii) Defect identification through ML processing of AE signals: (left) an example
fragment of an AE signal corresponding to a high-quality printed layer, with the red region indicating a running window. (right) The
corresponding spectrogram is generated and passed into a spectral convolutional neural network for pattern extraction and learning.

accuracies of 98.3% and 94.8%, effectively handling domain
shifts in the LPBF process.

These studies collectively highlight the integration of
acoustic signal processing with ML techniques to derive
actionable quality monitoring insights, which shows great
potential applicability across various AM processes. This
combination not only enhances the detection of anomalies but
also facilitates the differentiation between normal and abnor-
mal operational states, ultimately contributing to more reliable
and higher-quality AM outputs.

In terms of practical advantages, AE signals are highly
sensitive to subtle variations, offering high temporal resolution
and the ability to detect internal faults, such as cracks or mater-
ial inconsistencies, that are undetectable by visual or thermal
methods [78]. Additionally, AE is a non-invasive monitoring
technique that is not constrained by material type and, unlike
radiography, is free from radiation hazards. However, AE
faces practical limitations, particularly in manufacturing envir-
onments where signals can be difficult to interpret due to noise
and irregular patterns caused by environmental factors, sys-
tem interference, and inherent process-generated noise [85].
To overcome these challenges, advanced signal processing

techniques, such as spectral analysis and denoising algorithms,
are often required to extract meaningful features. Furthermore,
AE monitoring systems tend to be more complex to imple-
ment, as they require precise sensor placement for effective
coverage, which adds complexity compared to simpler visual
monitoring methods. A promising direction in the AE sens-
ory method is the use of explainable Al to interpret the under-
lying physics of acoustic signals [139]. For example, Song
et al [140] studied AE signals during laser spot welding on
powder beds, identifying distinct signals linked to cooling-
induced tensile cracks, powder impact, and thermal expan-
sion of the substrate. By connecting specific signal character-
istics to underlying physical events, explainable Al provides
a clearer understanding of AE signals, improving their inter-
pretability and enhancing the overall reliability of AE monit-
oring systems.

Spectroscopic signals. Spectroscopic signals, such as those
obtained from OES, measure the spectral content of light
emitted during AM processes. These signals are particularly
valuable in laser-based AM techniques like LPBF or DED,
where they provide detailed insights into the chemistry and
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relative intensities of the vaporized species in the process
zone. Specifically, as high-energy lasers irradiate metallic
powders, the intense heat causes material vaporization, produ-
cing a plasma cloud above the molten pool. This plasma emits
photons at specific wavelengths due to atomic line emission
and thermal radiation. By capturing and analyzing this emis-
sion, deeper insights into the thermal and chemical dynamics
of the process can be achieved [141]. When integrated with Al-
driven signal processing techniques, OES becomes a power-
ful tool for in-sifu monitoring, enabling real-time detection
of local conditions. This capability is essential for identifying
defects and optimizing overall system performance [108].

In a study by Sun et al [109], OES signals were used
to monitor microscopic pore formation in metal AM. The
emitted spectra capture the energy intensities of photons
released as metal atoms absorb laser energy, causing elec-
trons to transition between different energy levels. These spec-
tra were recorded using a spectrometer, and the data were
then processed through a deep autoencoder neural network.
This network incorporated CNN layers for feature extrac-
tion and LSTM layers for compressing features in the time
domain. A semi-supervised spectral clustering algorithm was
then applied to categorize the processed features, assigning
binary quality labels, either good or bad, based on whether the
pore defect density surpassed a set threshold. The feasibility of
the study was validated using an experimental dataset where
four parts were produced by a DED machine under different
process parameters.

In another study by Montazeri et al [112], the authors
applied OES combined with ML for in-situ monitoring of
porosity presence and severity in the LPBF process. During
data collection, four cylindrical disc samples were built using
an LPBF machine, each exhibiting distinct porosity levels as
verified by x-ray CT, providing ground-truth data. During the
build process, OES signals were captured by a photodetector-
based multi-spectral sensor. These one-dimensional multi-
spectral signals were then transformed into weighted, undir-
ected graph representations, characterized by vertices (rep-
resenting spectral features), edges (representing relationships
between features), and weights (indicating signal intens-
ity relationships). From these graphs, graph Fourier coeffi-
cients were extracted as features. The authors experimented
with various ML classification algorithms, including Decision
Trees, KNN, and SNN, to classify porosity levels based on the
graph Fourier coefficients. The experimental results demon-
strated that the KNN model with the graph Fourier coefficients
as features achieved approximately 10% higher F-score than
other ML models using statistical features and could perform
the classification in less than 0.5 s. This study further high-
lights the effectiveness of using OES signals and Al for rapid
and accurate in-situ monitoring in AM.

In summary, integrating advanced spectroscopic signal pro-
cessing techniques, particularly OES, with Al-driven methods
has significantly advanced quality monitoring in various AM
processes. These combined approaches enhance the real-time
detection of defects and enable optimization of process para-
meters, demonstrating their potential for broader application

across the AM industry. However, while these advances are
promising, the effective fusion of heterogeneous sensor data,
such as combining spectroscopic, acoustic, and thermal sig-
nals, remains a key challenge. For example, Liu et al [142] pro-
posed a method that integrates acoustic and thermal informa-
tion to infer key morphological features of the LPBF melt pool
and detect defects. Although the study demonstrated potential
correlations between features, it did not offer a comprehens-
ive method for fusing multi-sensor data, highlighting a critical
area for future research.

The future of OES-based monitoring in AM will likely see
advancements in unsupervised learning models and the integ-
ration of physics-driven explainable Al systems. These innov-
ations will enhance the interpretation of complex spectral data
and provide more transparent, physics-based decision-making
processes. Ren et al [141] emphasized that spectral signals
are not only easy to collect but also contain critical physical
information about the material’s state during processing. This
physical-rich data, when combined with explainable AI mod-
els, can yield predictions that are both accurate and grounded
in physical phenomena. However, the challenges surrounding
multi-sensor data fusion persist. To fully realize the potential
of in-situ monitoring, future research must focus on devel-
oping sophisticated methods for integrating various sensory
inputs, providing deeper insights into the real-time dynamics
of defect formation and material behavior in AM.

3.8. Multi-sensor data fusion

The aforementioned monitoring methods often rely on data
from a single sensor, which requires the extraction of hand-
crafted features. These features may not always align with
monitoring objectives, leading to a decrease in the perform-
ance of monitoring algorithms when the features are inappro-
priate or inadequate. Additionally, manually extracting fea-
tures from raw sensor data is time-consuming and demands
extensive expert knowledge.

To address these limitations, multi-sensor data fusion has
emerged as a more effective and comprehensive approach.
By integrating data from multiple sensors, this method cap-
tures a broader range of process parameters, thereby provid-
ing more distinctive and representative features. This integra-
tion enables cross-validation of the prediction, which enhances
the accuracy and reliability of monitoring systems and reduces
the dependency on human intervention. In the context of AM,
multi-sensor data fusion presents significant advancements
over traditional single-sensor systems. By enriching the data,
this approach enhances the consistency and generalization
of models, leading to improved authenticity. Consequently,
multi-sensor fusion provides a holistic view of the monitored
processes, substantially increasing the accuracy and reliabil-
ity of autonomous monitoring in AM. The fusion of multi-
sensor data also increases the robustness of the monitoring
system, as it continues to provide valuable insights even if one
sensor fails or is compromised. By integrating different sensor
modalities, such as visual, optical, radiographic, acoustic, and
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thermal sensors, multi-sensor fusion offers a more compre-
hensive picture of the manufacturing process than single-
sensor approaches [143, 144].

As stated before, the trend towards in-situ monitoring is
gaining traction as it supports the AM process more effect-
ively. Multi-sensor systems improve monitoring capabilit-
ies, reliability, and confidence while reducing data ambi-
guity and expanding spatial and temporal coverage. For
instance, Vandone et al [145] developed an AM process
control approach based on multi-sensor data fusion. They
integrated real-time monitoring data, offline experiment data,
and post-process inspection data to create a robust control
model for the DED process, adjusting process parameters to
meet specific dimensional, mechanical, and quality targets.
Similarly, Chen et al [125] demonstrated localized quality
prediction in a robotic DED process under a DT frame-
work by fusing sensory data from a coaxial melt pool vis-
ion camera, a microphone, and an off-axis short wavelength
infrared thermal camera. These examples highlight the
improved performance compared to single-sensor data
prediction.

The heterogeneity of fused data, which can be temporal
or spatial and referenced at various resolutions, necessitates
advanced processing techniques. The rise of ML has signific-
antly enhanced multi-sensor data fusion. For example, Grasso
et al [147] utilized SVM combined with a control chart-
ing scheme applied to multiple sensor data streams to detect
defects and process faults related to the stability of embed-
ded signals. Moretti et al [148] integrated multiple heterogen-
eous sensors into the FDM process, using multi-sensor data
fusion technologies for online monitoring of manufacturing
processes and part quality. Petrich et al [143] proposed a com-
prehensive framework combining layer-wise electro-optical
imagery, acoustic monitoring, multi-spectral emissions, and
scan vector trajectory information for LPBF process monit-
oring. A neural network was used to fuse all available mod-
alities and discriminate flaws from nominal build conditions
using only in-situ data, investigating the contribution of each
sensor’s data to the monitoring results. Li et al [149] developed
a CNN-based approach to combine acoustic and photodiode
signals for in-situ quality monitoring during the SLM pro-
cess. Their research demonstrated that integrating these two
sensors provided more effective results compared to a broader
approach [146] that included layer-wise images along with AE
and photodiode signals. This finding suggests that focusing on
the most relevant sensors can enhance monitoring perform-
ance, even when additional sensor data is available. Examples
of using ML in multi-sensor data fusion for monitoring are
illustrated in figure 4.

Despite the immense potential of multi-sensor data fusion
in AM, several challenges must be addressed for effect-
ive implementation. Firstly, sensor imprecision can lead to
measurement errors and inaccurate data. The heterogen-
eous nature of sensory data, with varying resolutions and
time scales, adds complexity, and incorrect sensor configur-
ations can further degrade data quality. Secondly, ambiguous

environmental conditions and spurious data require robust sys-
tems to manage noise and inconsistencies. Conflicting data
from multiple sensors can complicate the determination of the
true state of the monitored process. Thirdly, the low repeat-
ability and reproducibility of metal AM processes mean that
data fusion cannot be generalized effectively, adding signific-
ant uncertainty.

Addressing these challenges necessitates advanced
algorithms and robust data processing techniques, includ-
ing improved sensor calibration, enhanced data prepro-
cessing methods, and sophisticated fusion algorithms.
Standardized protocols for sensor integration and data fusion
will also enhance the reliability and accuracy of multi-
sensor systems in AM. In summary, while multi-sensor
data fusion offers great promise for improving monitor-
ing and control in AM processes, overcoming these tech-
nical and environmental challenges is crucial for successful
implementation.

4. Process autonomy

Process autonomy represents the culmination of integrat-
ing various automated components within the AM work-
flow, ideally achieving end-to-end manufacturing autonomy.
This category builds on macro-level control autonomy, which
extends AM capabilities to higher DOF, and micro-level
Monitoring Autonomy, which features advanced monitoring
systems capable of overseeing the printing process and making
real-time adjustments to ensure optimal print quality. Process
autonomy spans the entire production spectrum, starting from
the initial CAD model preparation, where designs are optim-
ized for printing without manual intervention, to autonomous
material handling systems that ensure materials are efficiently
prepared and supplied. This approach aims to create a seam-
lessly integrated system that requires minimal human inter-
vention, thus enhancing both the efficiency and scalability of
manufacturing operations. By automating critical stages of the
AM process, process autonomy supports the development of
a fully autonomous production line, capable of autonomously
adapting to varying demands and operating conditions.

The foundation of process autonomy is the accurate mod-
eling of the PSP relationship, which enables effective recom-
mendation and optimization throughout the entire AM pro-
cess. These recommendations encompass crucial stages such
as material selection, AM process selection, and parameter
optimization. Traditionally, these stages have been addressed
sequentially. However, a new approach involving concurrent
design based on multidisciplinary design optimization is emer-
ging. For example, Xiong et al [28] highlighted a concur-
rent design approach that includes key steps such as problem
decomposition, discipline-specific analysis, strategy selection,
and solution generation. By integrating these steps, the con-
current approach enhances the efficiency and effectiveness of
the AM process, supporting the goal of achieving full process
autonomy.
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robotic DED [125]. (i) A schematic diagram of the multi-sensor monitoring for the robotic-based DED system, incorporating a thermal
infrared camera, a coaxial CCD camera, and a microphone sensor. (ii) An illustration of synchronization and registration between
multi-sensor features and ML predictions. The ML model maps the spatiotemporally fused datasets to quality labels within the entire
volumetric domain Reprinted from [125], © 2023 Elsevier Ltd. All rights reserved. (b) A CNN-based multi-sensor fusion approach for
in-situ quality monitoring of the SLM process [146]. (i) A schematic representation of the in-sifu multi-sensor monitoring system,
developed with three off-axis sensors: a digital camera (layer-wise image S3), a microphone (acoustic emission S;), and a photodiode
(photodiode signal S»). (ii) The flowchart of the proposed approach, where a signal-to-image strategy converts the 1D acoustic emission and
photodiode signals into 2D images. (b) (i), (ii) Reprinted from [146], © 2022 The Society of Manufacturing Engineers. Published by

Elsevier Ltd. All rights reserved.

4.1. Model preparation

Model preparation is considered the first step in AM and tradi-
tionally requires significant human effort to draft and modify
designs. While some research has focused on model man-
agement, which includes the reuse, matching, and modific-
ations of the existing 3D digital models [150, 151], limit-
ations become evident when new customized requirements
are raised. Another domain is 3D reconstruction, which has
proven to be helpful in repairing tasks for medical [152], man-
ufacturing maintenance [153, 154], and construction [155].
With the development of Al technologies, especially the intro-
duction of the generative Al ability, the design space of

AM has been enlarged, and more related progress can be
transformed into practical applications in AM. Leveraging
experience in large-scale 3D scene reconstruction, a single
object can now be 3D modeled from 2D images captured
from multiple views, particularly for complex-shaped objects.
The NeRF [156] method can be used for handheld captures
with a few input images. Recent trends related to 3D GS
[157] are also credited for its high fidelity and rendering
efficiency.

Furthermore, these methods are used for multi-view
synthesis, which requires a substantial number of images
from different views. Generative Al models, however, can
generate these multi-view images with minimal text or
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image input, aiding the process from CAD to CAE to
CAM. These methods utilize a pre-trained 2D text-to-
image diffusion model as a prior and employ NeRF or
3D GS for optimizing a randomly initialized 3D model,
ensuring 3D consistency. Nonetheless, these methods are
primarily limited to generating simple, unobstructed three-
dimensional objects and cannot represent the internal structure
of the object, rendering the generation process complex and
imperfect.

Further, these methods are used for multi-view synthesis,
which requires a certain number of images under different
views, while generative AI models can be used to generate the
multi-view images with less text or image input, which helps
with the process from CAD to CAE to CAM. These methods
use a pre-trained 2D text-to-image diffusion model as a prior,
and use NeRF or 3D GS for optimizing a randomly initial-
ized 3D model and ensuring 3D consistency. However, these
methods are mainly limited to generating simple, unobstruc-
ted three-dimensional objects, and cannot present the internal
structure of the object, making the entire generation process
complex and imperfect.

Recently, Siddiqui er al [158] introduced a Transformer-
based network for mesh construction, which has the potential

to use text prompts for 3D model generation with high pre-
cision. More research is conducted inspired by the diffusion
model, which aligns the textual, image, and 3D model fea-
ture, enabling text-to-3D [159-161], and image-to-3D [162,
163] model generation. Notably, Hui et al [164] introduced
an innovative 3D generative model that encodes ten million
publicly available shapes into a high-resolution TSDF. This
TSDF is then broken down into multi-scale wavelet coeffi-
cients, which are subsequently used in a diffusion model for
generation. The current trend of leveraging generative Al for
model preparation is depicted in figure 5.

These advancements pave the way for 3D content creation,
potentially bringing us closer to the realization of ‘What you
think is what you get’ and significantly boosting the devel-
opment of CAD design. However, there are still areas for
improvement, particularly in achieving high-resolution and
fine-grained details. The generated models often resemble the
desired shapes but frequently omit intricate details. Another
shortcoming is that these generated models have not under-
gone thorough post-evaluation, making them prone to defects
when produced by AM. While resemblance is a basic require-
ment, the focus must shift towards ensuring the models’ prop-
erties meet the necessary standards.
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4.2. AM process selection

Selecting the most appropriate AM process is essential once
the target CAD model is prepared and materials are determ-
ined, as it directly affects the manufacturability of the part.
The application area dictates the requirements for AM pro-
cesses, including material applicability, performance require-
ments, part quality, and production cost. The primary cri-
teria for selecting AM processes are technical viability, eco-
nomic feasibility, and sustainability. This selection is essential
for achieving process autonomy and influences future settings
such as printing parameters [165].

Extensive research has been conducted to establish cri-
teria for AM process selection. From a technical per-
spective, Gokuldoss et al [166] provided comprehensive
guidelines that consider material types, technique limit-
ations, post-processing requirements, and quality metrics.
Additionally, the AHP has been utilized to select AM pro-
cesses and machines based on their technical specifications
[167]. For economic viability, Fera et al [168] enhanced pre-
vious AM cost models by incorporating additional factors
such as preparation, machine usage, materials, energy, and
post-processing costs. This improvement allows for a more
accurate calculation of production costs across various AM
processes.

Recently, sustainability criteria, including environmental
impact, working conditions, and worker health, have been
integrated into the AM process selection through compre-
hensive evaluations such as life cycle assessment, life cycle
cost, and social life cycle assessment [169]. These evalu-
ations have led to the development of methods that con-
sider multiple criteria simultaneously, providing more holistic
solutions for process selection. These methods range from
knowledge-based systems to advanced multi-criteria decision-
making approaches. For example, Zaman et al [170] com-
bined Ashby’s material selection charts with AHP, utilizing a
database of 134 AM machines from 38 international vendors
and a specialized AM materials database to identify optimal
material-machine combinations for specific product designs.
Similarly, Liu et al [171] proposed a process selection method
applied early in the product design stage, which involves ini-
tial screening, technical evaluation, re-evaluation of feasible
processes, and machine selection. This approach assesses the
feasibility of AM from both technical and economic perspect-
ives based on preliminary design specifications, iterating the
design to align with AM techniques and selecting the most
suitable machine.

In addition to AHP, other tools such as certainty pairwise
comparison [172] and BNs [173] are also used in multi-criteria
AM process selection. Despite these advancements, significant
gaps persist, particularly in the limited application of ML. The
challenges include: (i) the decision processes often lack gen-
eralization ability and robustness, functioning more like rule-
based methods or search and pattern-matching engines, which
can hinder adaptability to varied contexts requiring expert
knowledge and long-term observation; (ii) current knowledge-
based methods are less frequently used and lack efficient
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mechanisms for knowledge extraction and update, which is
a critical shortfall given the rapid advancements in the AM
domain.

Addressing these gaps will significantly enhance the
robustness and adaptability of AM process selection methods.
By integrating more advanced and flexible approaches, these
methods can be better equipped to keep pace with the dynamic
nature of AM technological advancements, ultimately
leading to more effective and autonomous manufacturing
solutions.

4.3. PSP relationship modeling

DfAM encompasses model preparation, process selection, and
design iteration and optimization of products and their manu-
facturing systems. The primary goal of DfAM is to enhance
product quality and performance while minimizing develop-
ment lead time and costs. Traditional DfAM methods often
rely on surrogate models that require explicit relationships
between variables. These relationships can be difficult to
establish and may lack generalization, particularly in complex
optimization tasks. To overcome these challenges, integrat-
ing ML into DfAM offers a promising alternative solution.
ML can enhance the understanding of the interconnections
between design and optimization variables, facilitating more
effective forward and reverse design. One of the most critical
issues in this context is the establishment of PSP relationships,
which are essential for tasks such as geometry optimization
and material development.

Several innovative ML-driven frameworks have been pro-
posed to address the challenge of establishing PSP relation-
ships. For instance, Jiang et al [174] proposed an innovat-
ive ML-driven framework to establish relationships between
process, structure, and property, such as mapping from pro-
cess parameters to structure and from structure to property.
Similarly, Ackermann and Haase [175] presented a data-
driven framework using physics-based simulation data to elu-
cidate explainable process-microstructure linkages for metal
AM. Saunders et al [176] introduced a GP-based work-
flow to connect process modeling to microstructure fea-
tures, generalizing to unseen process parameter combina-
tions. Additionally, PSP models need to incorporate physics
knowledge with measurement and monitoring data to gen-
erate the required inputs. For instance, Ko et al [177] pro-
posed a physics-guided ML framework that integrates a KG
top-down approach with a data-driven bottom-up approach
to construct and model new PSP knowledge. A detailed
explanation of modeling the PSP relationships is depicted in
figure 6.

4.4. Materials development

Material development in AM involves understanding the
relationship between material properties and the AM pro-
cess. This includes structural characterization, linking
structure to properties, and designing and developing
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new materials [179].

Understanding material character-

istics such as strength, toughness, hardness, and ductil-
ity is crucial for effectively mapping these properties to
the AM process and ensuring the quality of the final

product.
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Material characterization is inherently complex and
time-consuming. ML has demonstrated its utility in quickly
predicting material properties and effectively identifying new
materials based on existing knowledge. ML models can learn
a low-dimensional latent space, where high-dimensional,


https://creativecommons.org/licenses/by/4.0/

Int. J. Extrem. Manuf. 7 (2025) 032006

Topical Review

detailed designs can be projected. These models can then
reconstruct the original design from any point in this latent
space. Inverse schemes can exploit these generative capabilit-
ies to search the latent space rather than the high-dimensional
space, potentially creating new materials with desired proper-
ties from optimal latent points. For example, Pilania e al [180]
highlighted that ML could map a material’s representation to
its properties using historical or generated data. These rep-
resentations can vary from basic chemo-structural descriptors
to detailed electronic charge densities. Once this mapping is
established, the properties of many new materials within the
same subclass can be directly predicted, making the tasks of
designing new materials and modeling the microstructure-to-
property linkage complementary.

Despite these advances, AM faces a significant challenge
due to the limited variety of materials, particularly in metal
AM, where many metals and alloys suitable for conventional
manufacturing are unsuitable for AM. Consequently, it is crit-
ical to discover new alloys or modify existing materials to
possess good printability and the desired properties for AM.
Johnson et al [181] suggested that ML could be employed for
alloying titanium (Ti) with elements such as aluminum (Al),
vanadium (V), zirconium (Zr), chromium (Cr), and hafnium
(Hf) and then assessing the printability. They highlighted that
while using a set of coarse-level selections to add alloying ele-
ments is feasible, explicitly creating all possible combinations
of these elements is impractical. For instance, adding alloying
elements in 1 wt% increments up to 15% of the total results
in 15 503 alloy combinations, making practical experiments
extremely time-consuming.

ML can significantly assist in material development by
predicting microstructure and macroscopic properties. For
example, Machaka et al [25] collected a dataset of 1 364
phase observations, including at least 36 predictive features
specific to metallurgical conditions, correctly classifying HEA
solid solution phases and predicting feasible phase transitions.
ML can also help develop materials with desired properties.
For instance, Yang et al [182] developed an ML-driven HEA
design system for AM, producing an optimized sample with
superior hardness, 24.8% higher than the highest hardness in
the original dataset. Zou et al [183] used ML in collabora-
tion with material science knowledge to improve the strength
and ductility of Ti-based alloys. Rao et al [184] proposed
a closed-loop system integrating ML with density-functional
theory, thermodynamic calculations, and experiments. They
achieved the automated discovery of HEAs with optimal
thermal, magnetic, and electrical properties after processing
and characterizing 17 new alloys out of millions of possible
compositions.

ICME approaches further enhance ML’s promise for
extracting insights and developing comprehensive models of
materials. Current ICME approaches have applications in link-
ing various stages of the PSPP loop [185]. Wang and Xiong
[186] reported a new method for AM materials development
using a CALPHAD-based ICME framework, demonstrating
that optimized compositions can increase the probability of
successful AM builds by 44.7%.
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In conclusion, effective ML tools can be invaluable for rap-
idly developing materials with desired properties and predict-
ing properties for new materials. However, several concerns
remain in material development: (i) many ML algorithms,
especially those involving DL, lack interpretability and are
often considered black boxes. Sometimes, understanding the
reasons behind a decision is more important than the decision
itself; (ii) there is a conflict between hand-crafted features
and automatically extracted features. Hand-crafted features,
which rely on expert knowledge, are more trustworthy and
explainable. However, in ML model training, these features
may reduce the model’s adaptability; (iii) the feature selection
problem is also linked to the size of the dataset. For small data-
sets, hand-crafted features may be more effective, which can
be beneficial in developing new alloys.

4.5. Process parameter optimization

As AM increasingly undertakes the production of more soph-
isticated parts, the requirement for fine process control has
heightened. Numerous factors contribute to the quality of AM
products, necessitating dynamic optimization of a large num-
ber of interrelated parameters. For example, Chia et al [187]
highlighted that even minute variations in parameters such as
the laser power, scan speed, and layer thickness can affect the
cooling rate, heat input, and thus impact the turn-out quality
of the process and may induce defects in the microstructures
and cause inconsistency in the mechanical property in the prin-
ted parts. Given the geometric diversity of printed parts, no
one-size-fits-all approach effectively addresses optimal print-
ing parameters for all scenarios. Furthermore, the scarcity of
certain printing materials often necessitates zero-shot or few-
shot optimization approaches instead of conventional trial-
and-error methods.

In line with generic optimization frameworks, AM para-
meter optimization typically involves three core components:
(i) decision variables, (ii) constraints, and (iii) objective func-
tion, which can be further divided into two categories: single
objective and multi-objective for mesoscale level (i.e. porosity
or relative density, melt pool geometries) and macroscale level
(i.e. mechanical properties, energy, and material consumption)
[165, 179]. Traditionally, this optimization problem is solved
by systematic design of experiment or simulation methods,
which are considered as search within sparse experimental
data points such as using the Taguchi method [188]. While
these methods can explore sparse experimental data points,
they often require substantial trial-and-error efforts to identify
the response behavior regions where performance improves.
This makes it easy to arrive at suboptimal solutions, particu-
larly since AM optimization is typically non-convex and NP-
hard, meaning that it is computationally challenging to solve
optimally.

To overcome the limitations posed by data scarcity and
the vast optimization space, ML has emerged as a prom-
ising alternative. Leveraging ML makes it possible to pre-
dict printing properties and optimize process parameters more
efficiently. These two elements are intricately linked, and
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Table 4. Summary of ML models applied in process parameter optimization for AM process.

References

ML algorithm

AM process

Summary (Z is input, O is objective)

Liu et al [189]
Zou et al [190]
Costa et al [191]
Liu et al [192]

Smoqi et al [193]

Sharma et al [195]

Tamir et al [201]

Barrionuevo et al [199]

Park et al [202]

Pham et al [203]

Lao et al [194]

Khorasani et al [196]

Shirmohammadi et al [197]

Qin et al [198]

Shi et al [204]

Liao et al [205]

Kapusuzoglu et al [206]

Nagarajan et al [207]

Liu et al [208]

SVM

XGBoost, ANN, etc.

Genetic algorithms,
ANN, etc.
Physics-informed
ML
Physics-informed
ML

Decision tree

DNN, SVM, etc.

SVM, MLP, etc.
DNN

Feedforward Neural
network

ANN

ANN

MLP

DL-based PSO

DRL

PINN

Physics-informed
ML
KB-ANN

Bayesian model,
SVM, etc.

3D cementitious
material printing
SLM

SLM
LPBF

LPBF

FDM

FDM

SLM

SLM

DED

3D concrete printing
SLM

FDM

SLS

DED

SLM

FDM

FDM

SLM

T: flow parameters, print speed

O: predict printed filament deformation
T: laser speed, power, layer thickness,
etc. O: maximize relative density

T: laser power, scan speed, hatch
distance, etc. O: maximize part density
T: laser parameters, scan strategy

O: predict porosity

Z: melt pool temperature, spatter
characteristics, etc. O: monitor and
control porosity

Z: infill density, wall thickness, layer
thickness O: predict dimensional
variation

T: layer height, print speed, filament
extrusion speed O: monitor and optimize
print process

T: laser power, scan speed, powder size,
etc. O: maximize relative density

T: laser power, scanning speed, hatch
distance, etc. O: achieve target density,
minimize surface roughness

Z: temperature data, process simulation
results O: predict temperature and melt
pool size

T: nozzle geometry O: improve surface
finish quality

T: laser power, scan speed, scanning
method O: optimize surface roughness
T: nozzle temperature, print speed, layer
thickness, etc. O: minimize surface
roughness

T: part fill, geometric ratio, height, etc.
O: minimize energy consumption

T: laser power, scanning speed, scanning
sequence O: improve temperature
uniformity, reduce hardness variability
T: infrared temperature data, process
parameters O: predict temperature and
identify parameters

7: extrusion temperature, part porosity
O: improve process control

T: nozzle temperature, print speed, wall
thickness, etc. O: improve model
generalization

Z: printer settings, laser power, hatch
spacing, etc. O: accelerate new metal
AM technology adoption

optimization can follow naturally if the outcomes of different
parameter sets can be accurately predicted.

Recent studies have demonstrated the utility of various
ML techniques for this purpose and are systematically sum-
marized in table 4. For example, unsupervised methods such
as SVM [189], and supervised techniques, including regres-
sion and classification approaches [179], have been used
to establish relationships between process parameters and
critical metrics such as density [190, 191], porosity [192, 193],

23

geometry [194, 195], surface quality [196, 197], and energy
consumption [198]. These models allow for the identifica-
tion of optimal parameter sets while reducing the need for
costly physical experimentation. For example, Barrionuevo
et al [199] investigated the optimal parameters of the SLM
process to maximize the relative density of 316L stainless
steel parts. They employed ML algorithms, including GBR,
MLP, RFR, and KNN, to effectively learn the pattern with
the large optimization space. Similarly, Nguyen et al [200]
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developed an ML platform to predict and optimize the AM
process using MLP and CNN models. Typical examples of
using ML techniques for process parameter optimization are
shown in figure 7.

Recent research has increasingly focused on DL to cre-
ate more robust models by adding layers to neural networks,
thereby enhancing their ability to handle non-linear relation-
ships inherent in AM processes. This addition is expected to
gain a model that can grasp in-depth features, thus enhan-
cing the ability to handle non-linear relationships, which aligns
with the intricate nature of AM. For example, Park et al
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[202] developed a supervised DNN to enhance the quality
of Ti—-6A1-4V parts fabricated using the SLM process. Their
methodology optimizes key process parameters, including
laser power, scanning speed, layer thickness, and hatch dis-
tance, to achieve targeted properties like density ratio and sur-
face roughness. The model reliably produces parts with qual-
ities nearly identical to predefined specifications, exhibiting
maximum error rates between 0.9% and 4.4% in biomedical
applications. However, it is important to note that DL is not
suitable for all cases, as increasing the number of layers can
complicate network convergence, which requires significantly
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sufficient high-quality data. In AM, acquiring a huge amount
of data is challenging due to the complexity of systematically
producing low-quality samples and the high costs associated
with reproducibility and experimentation, particularly in metal
AM.

The AM process requires independent operations and
seamless collaboration between different manufacturing
components to produce products with consistent quality.
Surrogate-based optimizations are commonly employed to
optimize the entire AM process, although these techniques
are often highly constrained to custom-designed tasks and
do not generalize well to diverse settings. Conversely, RL, a
technique that is capable of determining the optimal policy
for sequential problems in a dynamic context, is effective
in addressing variable manufacturing settings, even when
encountering novel specifications. For instance, Venugopal
and Anand [209] propose an RL-based TO strategy using the
upper confidence bound method for structural and thermal
generative design in AM. Using an exploration and exploit-
ation scheme, the RL agent learns to generate optimized
designs with scalability to real-world processes by maxim-
izing rewards based on performance metrics like mass, com-
pliance, and thermal distortion. Additionally, RL can facilitate
online process parameter control. For example, Vagenas and
Panoutsos [210] conducted case studies on potential instabil-
ity factors of RL algorithms in AM scenarios, implementing a
control policy to vary laser beam power to achieve desired melt
depths following a predetermined scanning pattern. These suc-
cessful applications highlight RL as an emerging technique
in AM for automating process parameter optimization. The
recent rise of RL in various applications is particularly driven
by advancements in DL. DRL, which is based on DNNs that
can model complex, non-linear relationships between states
and actions, allows RL agents to approximate value functions
or policies in high-dimensional state spaces. Leveraging large
and high-quality datasets, DNNs can also handle large state
and action spaces, making RL applicable to more complex
environments and tasks. Furthermore, the data-driven nature
of DL automates feature engineering, which is traditionally a
time-consuming manual process. Consequently, DL and RL
increasingly collaborate to solve complex sequential decision
problems [211].

While ML significantly enhances the ability of parameter
optimization in AM, it also comes with challenges. Data qual-
ity, quantity, and diversity can affect model performance.
Additionally, the black-box nature of some ML models, like
DNNs, can lead to issues in interpretability and trustworthi-
ness among practitioners. Against this background, one not-
able aspect is the use of knowledge-based methods, which
aim to enhance explain ability by integrating physics-informed
approaches and expert knowledge along with experimental
data. Several examples of physical and knowledge-driven
methods are presented in figure 8.

Physics-informed methods. Physics-informed methods rep-
resent a hybrid ML paradigm that incorporates physical
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domain knowledge, such as thermo mechanical laws and con-
straints, into ML models [212, 213]. This approach effectively
captures real-time system dynamics and the fundamental con-
trol physics of AM. The first step involves the accurate mod-
eling of the physical features. For instance, Pham et al [203]
developed a DL-based surrogate model to accurately predict
temperature evolutions and melting pool sizes in metal bulk
samples produced via the DED process. This model, trained
on high-fidelity data from validated FEM, achieved a predic-
tion accuracy of 99% for temperature evolutions and 98% for
melting pool sizes compared to the FE model across unseen
process settings.

Then, further integration can be applied for process para-
meter optimization based on the modeled physical features.
For example, Baturynska et al [214] proposed a framework
using FEM alongside ML techniques to assess and optim-
ize process parameters in AM. The former approach relies
on expertise, whereas the latter employs large datasets. Liao
et al [205] created a hybrid framework that combines physics-
based and data-driven methods to develop a model informed
by physics for thermal analysis in AM. This model is cap-
able of identifying unknown material and process paramet-
ers from partially observed temperature data. In a numerical
example, the framework successfully estimated the values for
laser absorptivity, heat capacity, and thermal conductivity,
achieving an accuracy of less than 5% error using synthetic
noisy infrared images. Traditional offline trial-and-error meth-
ods for setting parameters like scan sequence, laser power, and
scanning speed are suboptimal and lack generalizability, often
resulting in non-uniform physical distribution and inconsist-
ent mechanical properties. Addressing these challenges, Shi
et al [204] presented a novel approach that integrates DRL
with a physics-informed method to optimize process para-
meters in DED. This method dynamically adjusts parameters
to achieve optimal control and includes a cost-effective tem-
perature simulation model. Experimental results show signi-
ficant improvements in temperature uniformity and hardness
variability in Inconel 718, with enhancements of 31.8% and
27.1% in horizontal and vertical building directions, respect-
ively. Furthermore, the advent of physics-informed method-
ologies has catalyzed the exploration of advanced computa-
tional techniques like NO [215]. These operators, an evolution
of traditional neural networks, are designed to learn mappings
between functions across continuous domains. Their ability to
generalize and extrapolate is exceptionally promising, demon-
strating significant potential in accurately modeling complex,
multiscale material properties.

In summary, integrating physical knowledge enhances pre-
diction accuracy and ensures that results are physically mean-
ingful. Additionally, this approach allows for accurate model
predictions using minimal experimental data. Consequently,
this method bridges the gap in physics knowledge within ML
models and harnesses the capabilities of ML to uncover intric-
ate relationships between process, material, and geometry in
AM while also correcting approximations in physics-informed
models [206].
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Knowledge-informed methods. Leveraging expertise to sup-
port AM activities has become an emerging practice [216].
However, the knowledge system involved adds another layer
of complexity. Beyond physical properties, representing
knowledge in a structured format is challenging, leading to
limited research on this topic. Liu et al [217] developed
the NER framework of integrating the expert knowledge
internalized in both academic materials and LLMs through
RAG to automatically customize taxonomies for AM pro-
cesses. Abdollahi et al [218] introduce a starting step with
expert screening to select the parameter space, factors, and
factor levels, before subsequent algorithms. Nagarajan et al
[207] developed a KB-ANN that incorporates literature and
expert insights on AM to define its structure. This KB-ANN
model demonstrates superior generalization with fewer trained
weights compared to traditional ANNs. Wang et al [219]
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introduced a BNs-based knowledge management system to
bridge the knowledge gap between designers and AM tech-
nologies, effectively modeling the AM domain under uncer-
tainty. Liu et al [208] studied the feasibility of cross-machine
knowledge transfer to accelerate the adoption of new metals
AM printing technologies. These knowledge-informed meth-
ods offer several advantages: (i) pre-verification by experts
introduces prior information, which can significantly reduce
initial errors and improve the reliability of subsequent pro-
cesses; (ii) similar to physics-informed methods, the integ-
ration of cross-disciplinary knowledge provides robust and
explainable decision support, enhancing the interpretability of
the models; (iii) a systematic knowledge system can stream-
line the search space for process parameter optimization, redu-
cing computational costs and improving efficiency in develop-
ing AM processes.
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4.6. Post-processing automation

Post-processing in AM is essential for removing support struc-
tures and unwanted edges or surfaces, ensuring the part’s phys-
ical integrity and accuracy. This low-level operation ensures
the part’s physical integrity and accuracy. Furthermore, post-
processing enhances the final product’s overall performance,
such as increasing fatigue life, which is a higher-level object-
ive. Among various post-processing methods for AM parts,
thermal techniques are particularly effective. These techniques
alleviate residual stresses, reduce the likelihood of cracking,
and homogenize the microstructure. Additionally, laser peen-
ing applies plastic compression perpendicular to the material’s
surface, causing lateral expansion. Laser polishing improves
surface roughness, while machining and abrasive finishing
enhance both form accuracy and surface finish [220].

Currently, the removal of support structures is performed
manually. Automating this process, especially using industrial
robots, would be beneficial for both small and large-scale pro-
ductions. Industrial robots can be trained to generate trajector-
ies, eliminating variations in surface quality and dimensional
accuracy caused by human error [221]. Nelaturi et al [222]
presented a related approach, considering collision-free auto-
mation for support removal in AM. They investigated a con-
figuration space approach using a multi-axis machining instru-
ment. The problem is modeled as a TSP, which is used to find
collision-free paths through all accessible features, facilitating
the removal of support structures using traditional machining
to achieve the intended design.

In addition to robotic-based autonomy, ML techniques are
increasingly utilized in post-processing. Vaidya and Anand
[223] reported an image segmentation-assisted tool for pre-
and post-processing operations in AM. This tool enables the
fabrication of components directly from CAD geometry, redu-
cing geometric dimensioning and tolerancing errors, such as
flatness, cylindricity, and profile error. Another significant
aspect is targeting the source of reduced post-processing, with
the use of TO during the design process of the DFAM cycle,
which can contribute to material waste reduction and minim-
ize the need for support removal [224].

Moreover, Jannesari [225] highlighted that information
from the post-processing phase can be used to optimize
future builds. This presents an opportunity to trace qual-
ity factors such as defect density, surface roughness, dimen-
sional accuracy, and reliability indicators like fatigue strength
back to the initial design, material, or process conditions.
Despite this potential, limited research exists on this topic.
Ideally, most unwanted structures should be removed dur-
ing the design and suitable AM process selection stages,
and defects should be mitigated during monitoring and pro-
cess parameter optimization stages. Therefore, focusing solely
on post-processing may seem less meaningful. Nevertheless,
post-processing autonomy remains under-investigated. It is
essential for an end-to-end production solution, particularly
for different methods of selection under various conditions.
This process can be knowledge-driven, indicating that new
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techniques related to knowledge management systems warrant
further study.

5. End-to-end process integration & autonomy

The IAM system is often modeled as a cyber-physical system,
where the cyber domain includes CAD design, STL file gener-
ation, G-code generation, simulation, and DT, while the phys-
ical domain encompasses material handling, AM machines
(such as printers or robotics), in-situ sensors, and post-process
inspection. However, the introduced control autonomy, mon-
itoring autonomy, and process autonomy are currently imple-
mented as separate modules within these two domains. This
separation results in a lack of integration between different
modules, hindering the development of a streamlined solution
for the AAM system.

For example, even with mature commercial FDM pro-
cesses, users must manually operate slicing software, transfer
the generated G-code to the printer via USB, and then operate
the printer to begin the printing process. This procedure can
be particularly challenging for beginners. To realize an end-
to-end solution, several aspects should be considered, such as
schedule generation, HMI, experience extraction, etc. Under
these considerations, each aspect will be discussed in detail
below.

5.1 Nesting & scheduling

To increase production rates (yield or throughput) at the indus-
trial level, particularly for mass customization, the AAM sys-
tem should incorporate a closed-loop control system capable
of planning, taking actions, reflecting, and adjusting as needed.
An efficient scheduling system optimizes the sequence of
operations by considering factors such as material avail-
ability, machine readiness, and expected completion times.
Integrating predictive maintenance into the scheduling process
can preemptively address potential machine failures, reducing
downtime and improving overall efficiency.

Nesting involves packing multiple parts into a constrained
build area or volume and determining their location and
orientation within the build volume. It is also referred to
as batch placement, bin-packing, knapsack, grouping parts,
layout problem, layout planning, packing, and placement.
Scheduling refers to assigning builds to AM machines for
build cycles and includes terms like batch machine schedul-
ing, dispatching, multi-task scheduling, part-to-printer assign-
ment, production planning, sequencing, and task assignment.
Taxonomically, nesting and scheduling are based on the phys-
ical system hierarchy of three levels: Part, Build, and AM
Machine. This hierarchy results in six problem classes from
the intersection or combinations of these levels [226, 227].

The introduction of Al aids in solving the NP-hard prob-
lem of nesting and scheduling. Yamashiro and Nonaka [228]
utilized a LightGBM algorithm to predict processing time,
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achieving optimal performance. Their optimization of par-
allel machine scheduling using estimated processing times
resulted in an average reduction of approximately 30% in
makespan. RL is also suitable for scheduling problems. For
example, Ying and Lin [229] employed an iterated epsilon-
greedy algorithm in a two-stage assembly AM scheduling
problem to optimize job sequence and resource allocation,
demonstrating improved effectiveness and efficiency in AM
production planning. Alicastro et al [230] developed an RL-
iterated local search meta-heuristic based on a Q-learning
variable neighborhood search method. They framed the prob-
lem as a strip packing problem, aiming to minimize package
height under specific physical constraints, thereby reducing
total completion time and maximizing average profit per unit
time.

Recent advancements in Al have led to the development of
more sophisticated algorithms capable of real-time decision-
making and adaptation, which have shown promise in dynamic
and complex environments [231]. These models can adjust
scheduling parameters in response to real-time data, enhancing
efficiency and flexibility in production planning. Additionally,
DT systems integrated with Al algorithms provide power-
ful tools for simulating and optimizing nesting and schedul-
ing processes, enabling proactive adjustments and continuous
improvement.

Meanwhile, nesting and scheduling are often associated
with CMfg. For example, Wang et al [232] proposed a CV-
based approach using morphological operations to efficiently
nest irregular parts in the printing space, achieving higher pro-
ductivity and lower costs in a cloud environment. Mashhadi
and Salinas Monroy [233] developed a DL auction system
that maximizes the utility of the AM Cloud by assigning pro-
duction orders to manufacturers who can build objects at the
lowest cost for customers willing to pay the highest price.
These approaches highlight the potential of integrating Al-
driven nesting and scheduling with cloud-based platforms to
optimize resource allocation and production efficiency on a
larger scale.

Research on nesting and scheduling is particularly bene-
ficial to collaborative manufacturing, which involves the col-
laborative multi-site production problem in AM. In this scen-
ario, orders must be batched and scheduled across several geo-
graphically dispersed manufacturing sites. Collaborative man-
ufacturing is also closely related to CMfg, with the ultimate
goal of achieving AMaaS [234]. By leveraging Al and integ-
rating it with cloud-based systems, manufacturers can ensure
more efficient resource allocation, reduced production times,
and cost savings. Furthermore, advancements in Al-driven
predictive analytics can enhance the coordination between
sites, improving overall system resilience and responsiveness
to market demands. As a result, Al-enabled collaborative man-
ufacturing can lead to a more robust, scalable, and flexible pro-
duction ecosystem.

5.2. HMI

In an end-to-end AAM system, HMI is pivotal in translating
high-level user commands into precise machine actions. This
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enables seamless communication between operators and com-
plex manufacturing systems. The intricacy of AM processes,
which often require real-time decision-making, poses chal-
lenges in designing HMI that are both user-friendly and cap-
able of handling complex tasks. Moreover, the varied expert-
ise levels of users, ranging from novices to experts, further
complicate the design of effective interfaces. To address these
issues, an HMI must strike a balance between simplicity and
technical sophistication. This section explores the key chal-
lenges in developing practical HMI systems for AM, including
balancing usability with system complexity, adapting to user
skill levels, and facilitating real-time feedback. We also exam-
ine how emerging technologies offer promising solutions to
these challenges.

Challenge 1: intuitive interfaces & usability. To address the
challenge of balancing intuitiveness with complexity, various
interface technologies have been explored. Traditional meth-
ods, such as touchscreens with streamlined controls or AR for
step-by-step guidance, offer direct and user-friendly ways to
interact with AM systems. Additionally, voice-activated sys-
tems can further enhance accessibility by reducing the need
for manual inputs. Beyond these, advanced techniques like
NLP algorithms can bridge the gap between human instruc-
tions and machine actions, making the interaction less depend-
ent on specialized expertise. For instance, LLMs, pre-trained
on vast datasets, can be fine-tuned to interpret user commands
and adjust printing parameters autonomously, significantly
improving accessibility and reducing the likelihood of user
error. These technologies help streamline interactions, minim-
ize cognitive load, and enhance the overall user experience.

While NLP techniques have been applied in AM, mainly
in areas such as generative material design [235, 236], know-
ledge management [237, 238], and failure analysis [239],
research specifically targeting HMI remains limited. A key
factor in effective HMI for AM is understanding user intent.
Traditional NLP techniques, such as Transformer-based mod-
els, have been employed for this purpose, but they often
struggle with the intricate requirements of AM processes,
where contextual awareness, adaptive learning, and task com-
plexity are critical. The advent of LLMs provides a significant
opportunity in this regard. These models, pre-trained on vast
corpora, can be fine-tuned for domain-specific tasks, facilitat-
ing more natural communication and enabling seamless inter-
action between the user and the machine. Fan et al [240], for
instance, proposed an LLM-driven framework that autonom-
ously translates human instructions into machine-executable
printing parameters, further advancing the potential of intuit-
ive AM processes.

Challenge 2: adapting to user expertise. Another critical chal-
lenge is designing user interfaces that cater to users with
varying levels of expertise. Novices may struggle with the
complexity of AM systems, while expert users often require
advanced features to maintain granular control. To accom-
modate these differences, it is essential to develop adapt-
ive interfaces that scale in complexity according to user skill
levels.
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For inexperienced users, adaptive Uls play a crucial role
in simplifying the complex workflows of AM. Technologies
such as VR, AR, and MR have emerged as powerful tools to
enhance these interfaces, particularly by offering step-by-step
guidance and immersive learning environments. In the con-
text of AM, VR has been widely applied in training scen-
arios to aid non-expert users in understanding fundamental
concepts and processes. For example, Ostrander et al [241]
demonstrated the effectiveness of VR in teaching introductory
AM concepts, providing an engaging medium for novice users
to interact with virtual models. Furthermore, VR supports DT
data exchange, as demonstrated by Cai et al [242], where VR
was used for toolpath planning and simulation in extrusion-
based AM systems, offering novice users structured guidance
on pre-determined layouts.

Similarly, AR has proven effective in enhancing AM
training experiences. Fan et al [243] developed an AR-
powered training system that integrates DT and VLMs, offer-
ing a hands-on immersive environment for metal AM. These
immersive technologies not only simplify the learning pro-
cess for novices but also provide intuitive visual feedback,
reducing errors and build failures. Chheang et al [244] exten-
ded these benefits to expert collaboration, creating a VR-
based platform for remote, collaborative inspection of AM-
manufactured parts.

For more advanced users, MR presents unique opportunit-
ies to perform complex tasks by merging the virtual and phys-
ical environments. MR allows users to interact with both real
and virtual objects simultaneously. As AM transforms digital
CAD models into physical objects, MR enhances this process
by overlaying additional data in real time, enabling users to
interact more effectively with the physical environment. This
integration enables the realization of more complex tasks like
part design [245], simulation [246], and custom orthopedic
model printing based on visual and tactile force feedback, as
demonstrated by Malik et al [247]. These advanced function-
alities cater to expert users who require precise control over
complex AM processes.

Challenge 3: efficient feedback & system adaptation. Real-
time feedback mechanisms are critical for ensuring the accur-
acy and efficiency of AM operations. In such systems, users
must receive timely and relevant feedback to identify and cor-
rect errors during the manufacturing process. This becomes
particularly challenging in high-stakes environments, such as
aerospace or medical device manufacturing, where even minor
delays or miscommunications can result in costly mistakes
or compromised product quality. Therefore, systems must be
designed to adapt dynamically to user inputs, ensuring smooth
and error-free operation.

To address this challenge, continuous feedback loops—
such as real-time error detection algorithms or adaptive
prompts—allow the system to remain responsive to user
actions. Multimodal feedback systems play a crucial role here:
tactile feedback in AR environments can help prevent opera-
tional errors by providing physical cues, while visual or audit-
ory signals keep users informed about system performance and
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potential issues. Such systems not only improve user engage-
ment but also enhance task accuracy by facilitating immediate
error correction [244]. Furthermore, advanced learning-based
feedback mechanisms can personalize system responses by
analyzing user behavior over time. By adapting to past user
interactions, the system can refine its recommendations and
settings, leading to improved operational efficiency and user
satisfaction [248].

Challenge 4: seamless human-machine co-creation.
Human—machine co-creation in AM represents an evolving
paradigm where human creativity and problem-solving cap-
abilities are combined with the computational power of Al-
driven systems. In this collaboration, human operators excel
at high-level decision-making, such as interpreting design
requirements or troubleshooting unexpected issues, while
Al systems are tasked with optimizing routine yet complex
processes, such as predicting potential structural weaknesses
or fine-tuning support structures. The core challenge lies in
ensuring seamless communication between human operat-
ors and the machine, allowing them to exchange information
fluidly and collaborate effectively.

A well-designed co-creation framework facilitates this
interaction, enabling both humans and Al systems to learn
from each other and refine processes over time. For example,
Al can analyze large datasets to optimize printing paramet-
ers or suggest design improvements, which the human oper-
ator can then evaluate and implement [249]. This iterative pro-
cess not only accelerates production cycles but also fosters
innovation, particularly in creating lightweight, high-strength
components for industries such as aerospace and automotive
[250]. As Batra et al [250] emphasized, such co-creative pro-
cesses can lead to groundbreaking innovations, enabling man-
ufacturers to produce components with improved performance
characteristics.

A key aspect of effective human—machine co-creation is the
integration of multimodal information, which includes visual,
auditory, and textual inputs. This approach mirrors the nat-
ural ways in which humans communicate, making interac-
tions more intuitive and accessible, especially in complex AM
environments. Multimodal communication allows operators
to engage with machines more naturally, enhancing both the
precision and efficiency of their tasks. Research has demon-
strated the potential of these capabilities in various manu-
facturing applications, such as enabling more accurate scene
interpretation [251], improving human-robot task planning
[248], and enhancing anomaly detection [252].

In this context, the development of LMMs, such as the
VLM, offers significant promise for advancing HMI in AM.
These models combine visual and textual data to interpret user
instructions more accurately, which is particularly valuable
when transferring expert knowledge to less experienced users.
By facilitating more natural, multimodal forms of instruction
and feedback, LMMs can streamline complex processes and
improve user understanding of the system’s operations. This
not only enhances communication between the operator and
the machine but also enables more efficient task execution and
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decision-making, particularly in scenarios where visual cues
and natural language instructions are essential.

In conclusion, addressing the challenges of HMI in AM
requires a multi-faceted approach that integrates intuitive
design, adaptive interfaces, real-time feedback mechanisms,
and co-creative frameworks. Technologies like NLP, AR, and
multimodal systems hold significant potential to overcome
these barriers, enhancing both user accessibility and system
efficiency. Continued research and development in these areas
will be crucial for advancing HMI in AM, particularly in com-
plex, high-stakes manufacturing contexts.

5.3. Adoption & enhancement of Al agents

Integrating Al agents is pivotal to achieving a seamless end-
to-end solution in autonomous systems. These self-refining
agents function as controllers, coordinators, and continuous
learners, making them essential for realizing the AAM system.
However, a significant challenge in realizing the potential of
Al agents is the scarcity and diversity of available data, which
hampers their ability to learn effectively and adapt to various
scenarios.

The autonomy of Al agents, driven by ML algorithms,
heavily relies on the quantity and quality of data. Insufficient
or non-representative data can lead to poorly trained mod-
els that struggle with a wide range of real-world scenarios,
resulting in poor performance and a lack of adaptability. TL
addresses this issue by allowing agents to inherit knowledge
from previous experiences, adapt to new tasks, and support
few-shot learning. Additionally, with adequate domain know-
ledge of AM processes, data augmentation techniques, such
as generative models and simulations based on physical mod-
els, can create diverse synthetic datasets that mirror real-world
scenarios. DT, which provides a virtual replica of the ISM
environment, can also be employed to generate extensive and
collaborative data sets that reflect real-world conditions [253].
These techniques help mitigate the effects of data scarcity
and diversity, improving the robustness and adaptability of Al
agents.

Another complexity in achieving fully autonomous pro-
cesses arises from process variability and uncertainty, as man-
ufacturing typically involves many steps to achieve desired
outcomes. This makes it challenging for a single Al agent
to identify the optimal policy for managing the entire AM
process. Therefore, fostering collaboration between multiple
agents by sharing knowledge and distributing expertise is cru-
cial. FL is an effective solution that enhances overall model
performance by leveraging distributed data without extensive
new data collection, facilitating knowledge-sharing between
Al agents. Additionally, MARL enables multiple autonom-
ous agents to collaborate, with each specializing in differ-
ent tasks within the AM process. This distribution of expert-
ise boosts process control efficiency for complex AM scen-
arios. MARL allows each agent to focus on specific aspects
of the process, integrating their expertise to adapt more effect-
ively to dynamic and uncertain manufacturing environments.
Consequently, MARL alleviates the burden on individual
agents and reduces training costs. Through coordination and
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shared insights, these specialized agents enhance overall pro-
cess stability and efficiency, leading to more robust and reli-
able autonomous systems.

An illustration of methods to achieve full autonomy with
Al agents in the AAM system is depicted in figure 9, where
Al agents refine their expertise by interacting with both real-
life manufacturing settings and virtual training environments.
Specifically, DT generates synthetic data and conducts sim-
ulations based on physical entities, laying the foundation for
diverse training scenarios. These agents can train under vari-
ous schemes, such as TL, FL, and MARL, depending on
the specific process requirements. These methods collectively
empower autonomous agents to navigate uncertainties, lead-
ing to more efficient and precise manufacturing outcomes.
Previous successful adoptions of these techniques are listed
below.

TL. TL has significantly enhanced Al agents in AM applic-
ations, such as process control and quality assessment. Tang
et al [254] provided a comprehensive review of TL applica-
tions in AM, emphasizing how domain knowledge transfer can
reduce data requirements for optimizing new AM processes.
This is evident in various applications. For instance, Cheng
et al [255] introduced a TL-based technique to model shape
deviations in AM, demonstrating the capability to achieve
high-fidelity predictions despite limited and varied training
data. Similarly, Pandiyan et al [256] showed that knowledge
acquired by DL networks on one material, like stainless steel,
in the LPBF process can be effectively transferred to another
material, such as bronze. Their models, initially trained to clas-
sify LPBF process mechanisms like balling, lack of fusion
pores, conduction mode, and keyhole pores, successfully
transferred this knowledge to classify similar mechanisms in
different materials. Furthermore, Huang et al [257] developed
a TL-based melting pool modeling technique, leveraging pre-
trained knowledge from low-fidelity data to fine-tune a multi-
fidelity point-cloud neural network. This approach resulted in
high-fidelity surrogate modeling for quality control in metal
AM processes. In summary, TL has demonstrated signific-
ant potential in enhancing AM processes by effectively trans-
ferring prior knowledge across different materials and pro-
cess parameters, reducing the need for extensive datasets, and
accelerating model development.

Data augmentation. Data augmentation has been proven valu-
able in simulation and prediction by expanding the domain
knowledge of Al agents thus reducing the necessity of physical
trial-and-error experiments [258]. By using physical engines
to simulate object behaviors under natural laws, it is possible
to create near-infinite data sources and maintain operational
safety during training through a process known as ‘sim-to-
real’ transfer. In this context, DT serves as digital replicas
of real-life manufacturing processes, allowing the simulation
of various scenarios and conditions that may be impractical
or impossible to replicate in the real world. This capabil-
ity enables the generation of extensive and diverse datasets,
thereby enhancing the robustness and adaptability of trained
agents.
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Figure 9. Adoption & enhancement of Al agents. This overview highlights techniques to improve AM process control through agent
training and collaboration. The key focuses are effective training despite limited data and efficient collaboration for complex AM processes.
DT, augmented scenarios, and simulations offer diverse training environments, helping agents adapt to real-life AM variations. Few-shot
learning is enhanced through MARL and FL, where agents train locally on specific tasks and share knowledge. This combination of
simulation and collaboration equips agents to handle real-world AM challenges.

Advanced techniques such as zero-shot transfer, system
identification, domain randomization, domain adaptation, and
learning with disturbances introduce greater variations than
those found in real-life data, further strengthening the robust-
ness of the trained agents [259]. The interaction between a
DT and its physical counterpart creates a feedback loop where
real-world data updates and refines the DT, which in turn
generates new data to train the agents further. This continu-
ous cycle leads to progressive improvements in the agents’
performance.
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For instance, Ahmmed et al [260] proposed a data
augmentation framework using the Mix up technique for pore
detection in the LPBF process. Mix up interpolates train-
ing data to generate weakly labeled data, which helps regu-
larize neural networks and prevent overfitting, thus improv-
ing generalization to unseen data. Their work significantly
improved the agent’s ability to discern pores after training
on the augmented dataset. Similarly, Conrad et al [261] pro-
posed a workflow utilizing synthetic data to enhance AM part
recognition algorithms. Their synthetic data was generated by
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rendering AM parts in CAD software and Blender, adding
noise textures to simulate real-life component irregularities,
and using a physics engine to simulate parts being dropped
from an elevated position, introducing more variations in
image angles. This approach sufficiently trained the object
recognition model and yielded promising results for AM part
geometry recognition. Furthermore, Wong et al [262] refined a
DL model to capture in-process information using a physics-
based simulation dataset obtained from regression interpola-
tion of pre- and post-process experimental data. The augmen-
ted data from a physics engine significantly improved the pre-
diction performance of the trained DL model.

FL. The integration of data augmentation techniques in AM
is widely recognized for improving the size and diversity
of datasets. However, in real-world AM applications, these
techniques often require significant manual effort, particu-
larly for labeling high-quality data. FL offers a promising,
yet still emerging, solution to these challenges by enabling
Al models to learn collaboratively across distributed environ-
ments without the need to centralize raw data. Instead, only
model updates are shared between participants, which not
only preserves data privacy but also ensures communication
efficiency.

In practical applications, FL. has demonstrated consider-
able potential for enhancing defect detection in AM pro-
cesses. For example, Mehta and Shao [263] applied FL to
identify pixel-level defects in printed products. This study
highlighted how FL could be used to develop high-precision
semantic segmentation models for AM, even in scenarios
where sharing data is restricted due to privacy concerns.
By distributing the learning process across multiple AM
devices, the researchers achieved defect detection accuracy
comparable to centralized approaches while maintaining data
security.

Similarly, Paramartha et al [264] explored the use of FL
in a multi-site manufacturing environment by proposing a
secure FL framework for fault detection in 3D printing pro-
cesses. Their approach, known as 3DFed, enabled the distrib-
uted training of CNN-based models across various industrial
sites, eliminating the need to share raw sensor data. The 3DFed
framework demonstrated scalability and accuracy, achieving
an average Fl-score of 89% with minimal additional time
costs, even when involving up to 100 clients. This study under-
scores the efficiency and security of FL in real-world AM set-
tings, where decentralization is vital for protecting sensitive
production data.

In addition, Shi and Kontar [265] addressed the issue of data
heterogeneity across AM devices in distributed environments
by developing a personalized FL. model. This model incorpor-
ated domain adaptation techniques, allowing geographically
dispersed 3D printers to collaboratively build a shared model
while accommodating local variations. Tested on a prototype
involving multiple connected AM devices, the PFL-DA model
successfully managed both input space variability (covariate
shift) and input-output relationship changes (concept shift).
The results of this case study showed superior performance
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and fairness across participating devices, further supporting
the feasibility of FL in diverse AM environments.

In summary, while FL. shows promise in addressing the
challenges of data privacy, security, and heterogeneity in AM,
it remains a relatively new trend, with only a few studies cur-
rently applying it to real-world AM scenarios. However, as FL.
continues to develop, it could complement data augmentation
techniques by enabling more efficient data sharing and model
improvement across decentralized AM environments.

MARL. As AM processes involve multiple domains and
dynamic conditions, the complexity of these processes
increases with spatial and temporal scale, making it impossible
to predict all possible events or prepare for all scenarios. Real-
time decision-making can only be effectively achieved through
the collaboration of multiple agents. MARL can be applied
to AM processes to achieve optimal results through real-time
multi-agent collaboration, adapting to changes and uncertain-
ties in real-life manufacturing environments [266]. MARL
facilitates coordination between multiple AM sub-processes
and allows for learning experiences without extensive prior
knowledge. Both centralized and decentralized approaches
are widely investigated for managing collaboration between
agents. A centralized control scheme requires a central con-
troller to manage all agent collaborations, while a decentral-
ized scheme operates without one. Bahrpeyma and Reichelt
[267] highlighted the potential of integrating MARL into the
smart factory concept, involving multiple machines operating
collaboratively, showing promise for MARL in AM processes.

To enhance fluent and immediate multi-agent collabora-
tion in manufacturing scenarios, smart manufacturing agents
should leverage both explicit and implicit knowledge, for
instance, IKG, which captures empirical knowledge and
recognized patterns in manufacturing processes. For instance,
Zheng et al [268] proposed an IKG-driven MARL framework
that adapts a knowledge transfer scheme from the domain
knowledge base to enhance the system’s self-configuration,
self-optimization, and self-adjustment capabilities. Similarly,
Alam et al [269] proposed an RL-based autonomous manu-
facturing system that leverages trained domain knowledge to
iteratively refine interactions with the physical world. Their
framework trains RL agents on tasks based on first principles,
decomposing tasks to fundamental axioms before reasoning
up to relevant questions and learning the probabilistic reward
function for interacting with the physical world.

In conclusion, the adoption and enhancement of Al agents
in autonomous manufacturing systems are essential to achieve
precise, robust, and efficient autonomy. Despite challenges
related to data scarcity and process variability, techniques such
as TL, data augmentation, FL,, and MARL provide robust
solutions. These methods enable Al agents to learn effect-
ively, adapt to new tasks, and collaborate efficiently, leading to
improved process control and stability. By integrating real-life
data with simulated environments and leveraging collaborative
learning frameworks, Al agents can navigate the complexities
of the manufacturing landscape, resulting in more resilient and
reliable autonomous systems.
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5.4. MMDF

In addition to multi-sensory fusion, where data from mul-
tiple sensors are merged to enhance in-sifu monitoring,
MMDF can further enhance Al agents’ ability by providing
a comprehensive understanding of AM processes. Unlike uni-
modal data, which captures only a single feature of an object,
multi-modal data aggregates different modalities of data or
knowledge with distinct characteristics from various sources,
which provides a comprehensive view of the AM process and
enhances Al agents’ understanding of the process flow for bet-
ter autonomy. This comprehensive approach has proven its
value in applications such as monitoring and HMI, as dis-
cussed in sections 3.3 and 5.2, respectively. The most excit-
ing adaptation of MMDF in AM is its promising advances in
generating domain knowledge and expertise for AAM.

Domain knowledge & expertise. Recent trends in MMDF are
increasingly integrating domain-specific knowledge, particu-
larly through NLP technologies. In the manufacturing domain,
this integration includes representing human knowledge in
forms such as orders, receipts, and instructions. By aligning
features from various sources of expertise and increasing the
parameter size of models following a ‘scaling law’, research-
ers aim to achieve more sophisticated intelligence, as exempli-
fied by models like GPT-4. This feature alignment enhances
the capability of multi-modal fusion, allowing each modality
to contribute effectively to the final objective. Developments
in VLMs, such as LLaVA [270], have shown promise in under-
standing manufacturing environments and performing mon-
itoring tasks [252]. These models can also assist in design
tasks through their generative capabilities [271]. However, a
significant challenge remains: current models struggle to fully
comprehend the physical world. This limitation is particularly
problematic in manufacturing processes where a deep under-
standing of physical interactions is crucial, and ML tools serve
as supplementary aids rather than standalone solutions. Efforts
are ongoing to address this challenge by developing mod-
els that offer a more grounded understanding of the physical
world. For instance, Bardes et al [272] introduced V-JEPA, a
model that uses a self-supervised learning approach on video
streams within a joint embedding prediction architecture. This
model serves as an early representation of the physical world,
excelling in tasks requiring fine-grained motion understand-
ing. Such advancements represent a step forward in bridging
the gap between digital models and physical reality, enhan-
cing the applicability of Al in AM. Azizzadenesheli et al [215]
presented the NO framework for learning mappings between
functions defined on continuous domains, especially the spa-
tiotemporal processes, which could augment, or even replace,
existing numerical simulators in AAM systems, such as CFD,
predictive maintenance, and material modeling.

The broader potential applications for MMDF in AM
are based on several current research trends. Although
some of these trends have not yet been applied in AM,
they hold significant potential for transformative impacts
in areas such as product lifecycle management and
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sustainability, and thus are promising to realize the AAM
system.

Product lifecycle management. Recent advancements in
MMDF have significantly enhanced the management of
product lifecycle, particularly within AM processes. For
example, Wan et al [273] tackled the issue of multi-source
heterogeneous data perception fusion in intelligent manufac-
turing. They proposed a multimodal data cross-media percep-
tion fusion algorithm based on DT technology. This innovative
approach improves intelligent processing in workshops and
assembly lines, thereby facilitating the transition from digit-
alization to intelligence within enterprises. Furthermore, Liu
et al [274] highlighted the critical role of extracting and fus-
ing implicit knowledge from data to convert it into action-
able intelligence, which is essential for the manufacturing
industry’s advancement. Their study, which focuses on pre-
dicting tool wear using MMDF in intelligent workshops, not
only verifies the algorithm’s effectiveness but also under-
scores its potential applicability in various production control
scenarios. These advancements demonstrate that integrating
MMDF techniques can lead to significant improvements in
efficiency and intelligence in manufacturing processes, pav-
ing the way for more informed and proactive product lifecycle
management.

Sustainability. Sustainability is another critical domain where
MMDF shows significant promise. As manufacturing pro-
cesses become increasingly complex, the integration of vari-
ous data sources becomes essential. Wang er al [275]
introduced a MAFN that integrates data from pixel-level,
geometric-level, and processing-level sources. This approach
addresses the complexities of part geometries and process
parameters, aiming to improve energy-efficient design. By
optimizing resource usage and reducing waste, this method
exemplifies how MMDF can lead to more sustainable man-
ufacturing practices from the energy-consumption aspect.
Additionally, MMDF assists in lowering the cost of obtain-
ing high-fidelity sensing results. While higher-quality sensing
in AM allows for the detection of refined features, the associ-
ated costs have limited its widespread adoption. Biehler ef al
[276] proposed a soft sensing approach to reconstruct high-
resolution 3D images from less expensive 2D sliced images
and heterogeneous process inputs. Their model effectively
reconstructs high-fidelity 3D representations at a lower cost,
enhancing both economic sustainability and the generalizab-
ility of AM processes. Moreover, MMDF plays a vital role in
predictive maintenance, particularly in reverse engineering for
producing replacement parts. This technology enhances the
sustainability of functional components in complex apparat-
uses, such as turbine blades. For instance, Bauer et al [277]
developed a system utilizing optical scanning and CT scans
with varying acceleration voltages to achieve precise geomet-
ric representations of gas turbines. In their study, a simplified
test part produced via AM was scanned using two different
CT scans and an optical surface scan. It was then reprinted
and re-scanned to evaluate reconstruction errors. This system
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employs the SLM process for rapid manufacturing, signific-
antly reducing machine downtime during overhauls by swiftly
providing spare parts. The fusion of optical and CT scan data
yields detailed geometric and material compositions, which
are crucial for effective maintenance and repair.

In summary, the integration of MMDF holds immense
potential across various domains within AM. By lever-
aging advancements in technology and addressing cur-
rent challenges, MMDF can drive significant improvements
in defect prediction, predictive maintenance, process para-
meters optimization, data-driven process monitoring, and
comprehensive KG generation, ultimately transforming the
manufacturing landscape autonomously.

6. Future manufacturing: AAM system

The AAM system represents a paradigm shift in future manu-
facturing, aiming to maximize the autonomy of AM processes.
This shift is driven by the enhanced integration of autonomy
into control, monitoring, and process integration within AM
systems. At its core, AAM relies on the dynamic interac-
tion between Al agents and a hybrid human—machine intel-
ligence model, pushing the system toward greater autonomy
and efficiency.

This hybrid intelligence framework enables AM technolo-
gies to progress beyond simple task execution while becom-
ing more integrated, service-oriented, and suitable for flex-
ible environments. By leveraging Al technologies and the cor-
responding Al agents, the expecting system can anticipate
needs and adapt to new information without human interven-
tion. This marks a significant transformation in manufactur-
ing approaches that improves efficiency and adaptability and
paves the way for more adaptive, customized, robust, repeat-
able, and responsive AM solutions.

The proposed framework, illustrated in figure 10, utilizes
the most challenging metal AM process as a use case. The
framework is composed of four vital layers in a top-down man-
ner: knowledge layer, generative solution layer, operational
layer, and cognitive layer. Each layer plays an essential role
in the overall functioning of the AAM system.

The knowledge layer forms the foundation by integrating
sensory data, insights from physical models and simulations,
and existing knowledge from libraries. This layer compiles
and processes data to provide an accurate and comprehensive
description of the current state of the AM process. Building
upon this, the data processing is responsible for cleaning
(profiling), enrichment (augmentation, integration, and fea-
ture engineering), and transformation (encoding, aggregation,
and normalization), extracting features that the generative Al
draws from when creating its outputs for the next layer. The
generative solution layer utilizes Al techniques to fully under-
stand the AM process by fusing the data from multi-sensors,
building the PSP relationship, and then constructing the KG
system from MMDE. The core of Al agents consists of LMMs
and KGs, in which LMMs and KGs play equal roles and work
in a mutually beneficial way to enhance both LMMs and KGs
for bidirectional reasoning driven by both explicit and implicit
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knowledge. The generative solution layer is critical and funda-
mental in driving towards AAM.

Moving to the operational layer, this stage starts with val-
idation through two to three metallic alloys with hundreds of
experimental data, which identifies output errors and provides
corrective inputs back into the model—helping Al agents
learn from their mistakes. Then the Al agent will be expan-
ded to more than ten materials. After the improvements are
confirmed, it is ready to expand to various aspects of the
life cycle, including scheduling, design/testing, and process
parameter optimization. By integrating predictive insights, the
operational layer recommends optimal actions and adjust-
ments to enhance efficiency and quality in the AM process.
Finally, in the cognitive layer, Al agents autonomously plan,
act, and reflect on results from current actions, orchestrating
the aforementioned layers and incorporating feedback. This
learning capability enables the cognitive layer to adapt and
improve over time, becoming progressively smarter and more
effective.

6.1 Knowledge layer

The knowledge layer encompasses the foundational infrastruc-
ture and data analytics essential for building an AAM sys-
tem. This layer focuses on ‘how can we fully understand
the problem’ using multiple sensors, simulations, and exist-
ing knowledge, integrating essential equipment such as hard-
ware components and monitoring sensors alongside physical
knowledge including heat treatment, fluid dynamics, and solid
mechanics. These physical principles serve as the founda-
tion for subsequent simulation methods like FEM and CFD.
Additionally, this layer includes existing knowledge from text-
books, research papers, and industrial documentation, forming
the backbone of the system’s physical and prior knowledge.

The process in the knowledge layer begins with com-
prehensive data collection from integrated sensors, typically
including visible cameras, thermal imaging cameras, acous-
tic sensors, spectrometers, laser scanners, and x-ray imaging
cameras. The purpose of the multi-sensor data acquisition is
to collect data from different aspects to reflect the insights of
the AM process. For instance, in LPBF, sensors track paramet-
ers such as laser power and scan speed to control the process
accurately; in-situ monitoring data, including visible, thermal,
x-ray images, and acoustic signals, are collected to ensure a
detailed observation and analysis of the process is conducted.

To facilitate seamless transitions towards subsequent lay-
ers, the knowledge layer also undertakes essential tasks of data
pre-processing and preliminary analysis. This involves clean-
ing, filtering, feature extraction, and structuring sensor data
to reduce the data size, and ensure its usability for the next
stages. The goal is to achieve real-time monitoring and con-
trol through advanced sensors and actuators, which continu-
ously feed data into the system, enabling precise adjustments
and timely responses to deviations.

Moreover, the knowledge layer incorporates existing know-
ledge from scientific literature, documentation, and physical-
driven methods. This ensures that the AAM system benefits
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Figure 10. The proposed framework for the AAM system. It has four key layers: knowledge, generative solution, operational, and

cognitive. The knowledge layer gathers insights from sensory data, models, simulations, and prior knowledge. The generative solution layer
focuses on learning and reasoning about the metal AM process. The operational layer validates the Al agent and expands its application to
various AM processes and life cycle stages. The cognitive layer serves as a high-level controller, enabling Al agents to perceive, reason,

plan, act, and self-reflect. Together, these layers create an autonomous, end-to-end AAM system.
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from both historical and contemporary research, enhancing its
foundational understanding and operational efficiency.

In summary, the knowledge layer provides a robust and reli-
able foundation for the AAM system, ensuring its efficient and
effective operation. The integration of advanced sensors, actu-
ators, and existing knowledge sets the stage for higher-level
functions, facilitating the transition to the generative solution.

6.2. Generative solution layer

Building upon the knowledge layer, the generative solution
layer focuses on forecasting future outcomes based on pro-
cessed data and initial insights. This layer leverages advanced
data analytics, including multi-sensor fusion and ML tech-
niques, to model the PSP relationships, supporting both mon-
itoring and process parameters control.

A critical component of this layer is multi-sensor data
fusion, as discussed in section 3.3. This technique combines
data from various sensors to create a more comprehensive
and accurate representation of the manufacturing process. By
integrating data from different sources, combined with the
physics model, the ML model is trained to form a DT of the
AM process. The DT, continuously taking input data from
the knowledge layer, simulates the dynamic AM processes.
It enhances the reliability of predictions, reduces uncertainty,
and improves decision-making accuracy. MMDF, highlighted
in section 5.4, complements this approach by integrating
diverse types of data (e.g. visual, textual, etc) from various
sources to further enhance the quality of the predictive mod-
els. This holistic view enables better product life cycle man-
agement, predictive maintenance, and sustainability in AM
processes.

Modeling PSP relationships is essential for predicting how
variations in the manufacturing process influence the final
properties of produced parts, as discussed in section 4.3. These
models utilize a combination of physical-driven techniques
and ML to simulate and predict material behavior under vari-
ous conditions. Accurate PSP models allow for precise predic-
tions and control over mechanical properties, thermal beha-
vior, and micro-structural characteristics, thereby enhancing
product quality and performance.

Within this generative solution layer, process monitoring
tools in both in-situ and ex-sifu manners are crucial, as high-
lighted in section 3. These tools use sensor data to ensure
optimal parameters are applied in the manufacturing process.
Advanced signal processing, anomaly detection algorithms,
and predictive maintenance techniques are employed to detect
deviations, predict potential issues, and recommend correct-
ive actions. ML models identify patterns and trends, providing
early warnings of possible defects or failures. This proactive
approach maintains optimal production conditions and ensures
high print quality.

Furthermore, knowledge transfer within this context is
enhanced through the use of and interaction between LMMs
and KGs. Unlike LLMs, LMMs incorporate multi-modal
data, acting as internal memory systems and implicit know-
ledge repositories. These models provide valuable context
and insights derived from extensive datasets. Conversely, KGs
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serve as external memory systems and explicit knowledge
repositories, offering structured data representations that aid
in decision support for subsequent layers. The integration of
LMMs and KGs allows the system to leverage existing know-
ledge more effectively, thereby enhancing both predictive cap-
abilities and decision-making processes [278]. For instance,
an LMM can suggest adjustments based on similar past scen-
arios, while a KG can elucidate complex relationships between
different process parameters in AM processes. Importantly,
there is a bidirectional relationship between LMMs and KGs.
Techniques such as RAG [217, 279] can be employed to
extract knowledge from external sources using textual quer-
ies, thereby enriching and expanding KGs. Conversely, a
well-constructed KG can validate and enhance the knowledge
stored within LMMs. To address the ‘hallucination’ issue,
where LMMs generate inaccurate or misleading information,
techniques like LoRA [280] can be utilized. LoRA facilit-
ates efficient knowledge injection, enabling the system to
adaptively store, verify, and update its knowledge base. This
dynamic interplay between LMMs and KGs not only enhances
knowledge representation but also improves decision support
within AM processes.

In summary, the generative solution layer transforms raw
data into actionable insights, offering a clear view of future
outcomes based on current and historical data. This generative
and predictive capability lays the groundwork for the optimiz-
ation and autonomy efforts addressed in the operational layer,
ultimately improving efficiency and product quality in the AM
process.

6.3. Operational layer

The operational layer builds on insights from the generat-
ive solution layer, focusing on the question: ‘How can we
make it happen?’ This layer is crucial for integrating various
autonomous systems, optimizing the manufacturing process,
and ensuring a streamlined, adaptive, and semantically aware
AM process.

Firstly, the operational layer serves as the standardiza-
tion framework for the life cycle stages within the AM
process. It involves fine-tuning various aspects of the AM
process to achieve automated flow and optimal perform-
ance. This includes optimizing efficiency, resource alloca-
tion, task scheduling, and controlling process parameters to
enhance overall efficiency and quality. Advanced optimiza-
tion algorithms and techniques are employed to balance com-
peting objectives and constraints, ensuring the best possible
outcomes. For instance, scheduling algorithms can allocate
resources more effectively, while process optimization tech-
niques adjust parameters to minimize defects and maximize
throughput, as discussed in section 5.1.

Generative design tools are another essential component of
this layer. These tools utilize ML techniques and advanced
generative Al algorithms to create optimized designs that meet
specific performance criteria automatically, as discussed in
section 4.1. By exploring vast design spaces, these tools gen-
erate innovative solutions that traditional methods might over-
look. Additionally, multi-objective optimization capabilities
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balance conflicting requirements, resulting in highly efficient
designs.

In addition to the optimization ability featured in the gener-
ative solution, HMI is a critical aspect of the operational layer,
as highlighted in section 5.2. Incorporating intuitive Uls and
AR tools enables operators to interact more effectively with
the AM system. These interfaces provide real-time visualiza-
tions of the manufacturing process, allowing operators to mon-
itor progress, diagnose issues, and make informed decisions.
Voice recognition and NLP technologies further enhance inter-
action, enabling operators to communicate with the system
using natural language commands. Moreover, semantic under-
standing capabilities allow the system to interpret and act upon
data and commands with context-specific meanings. By integ-
rating pre-built knowledge, the AM system understands and
reasons about the relationships between different entities and
processes, facilitating more intelligent and adaptive decision-
making. This ensures that the manufacturing process aligns
with desired specifications and constraints.

Furthermore, the concept of AMaaS encompasses essential
tools ranging from design software like CAD, CAE, CAM to
management systems such as ERP. By transforming predict-
ive insights into actionable optimization strategies and integ-
rating various subsystems and human-machine interfaces, the
operational layer ensures the manufacturing process is con-
tinually improved and refined. This continuous improvement
and refinement set the stage for the learning processes that
occur in the cognitive layer.

6.4. Cognitive layer

The cognitive layer is pivotal in linking the knowledge, pre-
dictive, and operational layers through processes of interac-
tion, learning, and adaptation. Within this layer, Al agents act
as high-level controllers, assessing the skill pool in the opera-
tional layer to select appropriate skills for task execution based
on the current state. These agents are responsible for planning
and executing optimal actions, engaging in a lifelong learn-
ing process that enhances their expertise through continuous
reflection and learning.

This approach is founded on the principles of the MDP, a
robust framework for decision-making in AAM, which is com-
prised of several core components:

1. States (S): these represent all possible conditions within the
AAM system, such as the status of a print job, machine con-
ditions, and material levels.

. Actions (A): these are the feasible operations that can be
executed from a given state, such as adjusting printing para-
meters, changing material feeds, or altering environmental
controls.

. Transition Function (7): defined by T (s’ | 5,a), this func-
tion dictates the probability of transitioning to a new state s’
from the current state s upon taking action a. It encapsulates
the inherent uncertainty in the manufacturing process due
to factors like material behavior and machine performance.
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4. Implicit policy (7): this is a strategy or rule specifying
the action to be taken in each state, guiding the decision-
making process with the goal of optimizing some aspect of
the manufacturing operation, such as efficiency or quality.

These MDP components form a comprehensive frame-
work for systematically analyzing and optimizing decisions
in AAM systems. Through this framework, Al agents man-
age and execute manufacturing tasks effectively. They plan,
observe, take actions, and reflect on outcomes, thereby enhan-
cing their decision-making capabilities. By learning from the
results of their actions, these agents continuously improve
their strategies and adapt to new information.

For example, Al agents utilize the prior knowledge con-
tained in the knowledge layer and predictive tools from the
generative solution to access expert knowledge and external
resources. They can leverage the modeled PSP relationship
and query KGs to retrieve print parameter recommendations.
These KGs can also be used for downstream applications,
such as predicting printing parameters for new materials. For
instance, an Al agent can use a KG to understand the relation-
ship between different material properties and printing para-
meters, enabling more informed decisions.

Self-learning mechanisms are vital for the cognitive layer’s
ability to adapt and improve over time. By employing ML
algorithms, the system analyzes historical data to identify pat-
terns, optimize parameters, and predict outcomes. RL tech-
niques dynamically adjust printing parameters to improve
print quality and reduce defects. These algorithms continu-
ously refine their models based on real-time process monitor-
ing feedback, ensuring the AAM system evolves and enhances
its performance within each manufacturing cycle.

In conclusion, the cognitive layer is crucial for decision-
making within the AAM system. It leverages advanced Al and
ML techniques to coordinate tools and achieve autonomy. This
layer ensures the system evolves, continuously improving its
efficiency and effectiveness in manufacturing tasks.

6.5. Discussion on the framework

The AAM framework presents a hierarchical approach to over-
coming the critical technical issues inherent in AM. However,
several potential challenges must be addressed to fully real-
ize the framework’s effectiveness, reliability, adaptability, and
scalability. This discussion explores these challenges across
5 key areas: knowledge library grounding, scalability, non-
linearity, robustness and trustworthiness, and reasoning prior-
itization, each essential for broadening the framework’s effect-
ive application across various AM contexts.

Knowledge library grounding. The effectiveness of the AAM
framework relies on a robust and continuously evolving know-
ledge library that integrates both historical and real-time sens-
ory data within the knowledge layer. Maintaining this lib-
rary poses challenges, as it must adapt to incorporate relev-
ant, context-specific information for diverse AM processes. A
significant risk stems from outdated or irrelevant data, which
can lead to suboptimal decision-making, even when quality
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controls are in place. To bolster the library’s relevance, the
framework could incorporate mechanisms for continuous data
updates, real-time feedback, and periodic expert validation.
Sustaining the knowledge library’s adaptability amid advan-
cing technologies and new materials also requires ongoing col-
laboration with domain experts. Such efforts are crucial for
grounding the library in practical, actionable insights that align
with current industry standards.

Scalability. For the AAM framework to remain relevant across
various manufacturing scales, from customized small-batch
production to large-scale industrial manufacturing, scalab-
ility is essential. Adapting the framework to these diverse
scales introduces challenges in data handling, computational
load, and processing efficiency, especially for high-volume
applications where increased real-time data can strain pro-
cessing capacity, potentially reducing speed and accuracy.
Implementing hierarchical control systems and edge comput-
ing could help localize data processing closer to production
sites, alleviating some of these issues. Nonetheless, scaling
the AAM framework without compromising data accuracy,
response times, or computational efficiency remains a com-
plex challenge that requires further investigation.

Non-linearity. Addressing the non-linear relationships inher-
ent in AM processes, especially within the generative solution
layer, such as those between input parameters and final product
properties, poses substantial challenges for the AAM frame-
work’s optimization capabilities. For instance, rapid temper-
ature fluctuations or unexpected shifts in material behavior
are particularly complex to manage in real time. While exist-
ing sensor and data fusion methods allow for some real-time
adjustments, they fall short of fully capturing and model-
ing these non-linear dynamics. Enhancing real-time monitor-
ing and multi-sensor data fusion could improve the frame-
work’s capacity to accurately model these intricate relation-
ships. However, balancing responsiveness and reliability under
non-linear conditions is resource-intensive, requiring substan-
tial computational power and highlighting the need for effi-
cient, real-time adaptability.

Robustness & trustworthiness against uncertainty. AM
environments are inherently variable, with uncertainties
arising from factors like material inconsistencies, machine-
specific variations, and changing environmental conditions.
Although the AAM framework employs advanced layers such
as the generative solution layer and KGs to predict and man-
age these fluctuations, achieving consistent reliability across
diverse AM scenarios is difficult. Enhancing robustness may
require expanding the knowledge base with extensive his-
torical data and integrating continuous learning capabilities.
To effectively manage dynamic, previously unseen scenarios,
the framework will also require rigorous testing, substantial
data inputs, and a nuanced approach to intent recognition,
each essential to creating a framework resilient to the inherent
uncertainties of AM.
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Priority of reasoning. In the operational layer, objectives like
efficiency and quality often conflict, necessitating complex
trade-offs in decision-making. Additionally, the adaptive para-
meter adjustments required in AM processes add further com-
plexity. Striking a dynamic balance among these compet-
ing priorities is essential for Al-driven decision-making but
remains challenging with static algorithms. Future iterations
of the framework could incorporate adaptive prioritization
mechanisms, possibly leveraging RL to dynamically adjust
decision-making based on situational demands. Ensuring a
stable and reliable balance between objectives in real-time is
crucial, though achieving consistent and dependable results
will require more sophisticated advancements.

While the AAM framework holds significant promise for
advancing autonomy and adaptability in AM, several chal-
lenges remain. Addressing challenges in scalability, hand-
ling non-linearity, grounding knowledge, balancing priorities,
and ensuring robustness and transparency will require ongo-
ing refinement and thoughtful design. With sustained devel-
opment, the framework can become an increasingly valuable
tool in AM, but recognizing and tackling these challenges
will be crucial for its broader applicability and sustained
success.

7. Conclusion

In this work, we have comprehensively reviewed the cur-
rent applications of Al in AM and highlighted the ongo-
ing shift from IAM systems to AAM systems. We detailed
the essential characteristics of AAM systems, including con-
trol autonomy, monitoring autonomy, process autonomy, and
end-to-end process integration. Control autonomy involves
robotic-assisted AM and automated toolpath design, while
monitoring autonomy includes both ex-situ and in-situ mon-
itoring with a growing trend toward multi-sensor data fusion.
Process autonomy encompasses the entire AM process,
including model preparation, process selection, PSP relation-
ship modeling, and post-processing autonomy. Furthermore,
we explored end-to-end process integration and autonomy,
covering aspects such as nesting and scheduling, HMI, and
the adoption of Al agents. Recognizing the power of ML, we
also highlighted trends toward advanced technologies such as
generative design and more robust HMI.

However, our review identifies several critical gaps in the
current IAM systems compared to the ideal fully autonom-
ous solution. Firstly, these systems often address different per-
spectives in isolation, resulting in a lack of integrated solutions
for streamlined AM processes. Secondly, existing systems do
not effectively apply prior knowledge from existing document-
ation or physically-driven knowledge. Lastly, the absence of
a high-level controller hinders current systems from making
global, long-sighted decisions based on partial observations,
thereby lacking contextual understanding. These gaps under-
score the growing need for a more integrated and adaptive
system.
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In response to these findings, we proposed an AAM
system framework, which comprises four layers: knowledge,
generative solution, operational, and cognitive. The cognit-
ive layer, powered by Al agents, interacts with and controls
the other layers seamlessly. These Al agents possess lifelong
learning and optimization abilities, enhancing the performance
of the other layers. Our proposed AAM system represents a
paradigm shift in AM, aiming to enhance autonomy through
the enhanced integration of Al, Al agents, and HMI. This
hybrid intelligence framework allows AM technologies to pro-
gress beyond simple task execution, becoming more integ-
rated, service-oriented, and adaptable to flexible and com-
plex environments such as space. By leveraging Al agents, the
system is capable of anticipating needs and adapting to new
information without human intervention, marking a signific-
ant transformation in manufacturing approaches. The extrac-
ted knowledge can be reused and generalized to prepare for
possible unseen or more complex environments in the future.
This shift improves efficiency and adaptability, paving the way
for more adaptive, customized, and responsive manufacturing
solutions.

The knowledge layer provides the foundational infrastruc-
ture, integrating sensory data and prior knowledge to form a
comprehensive understanding of the current state of the AM
process. Building on this, the generative solution employs
multi-sensor and multi-modal fusion alongside ML techniques
to forecast PSP relationships, predict defects, and enable pro-
active adjustments. The operational layer then uses these pre-
dictive insights to optimize the entire life cycle of the AM
process, which includes scheduling, design, and process para-
meter adjustments. Finally, the cognitive layer acts as a high-
level controller that features autonomous planning, acting, and
reflecting on outcomes. This drives the system towards con-
tinuous improvement.

In conclusion, the proposed AAM system framework
promises to revolutionize AM by achieving unparalleled levels
of autonomy, efficiency, and adaptability. By integrating Al-
driven cognitive capabilities with robust predictive and opera-
tional analytics, the AAM system is poised to transform man-
ufacturing processes, ensuring higher quality, cost reduction,
and increased flexibility. This work lays the groundwork for
future advancements in AM, highlighting the critical role of Al
in shaping the next generation of manufacturing technology.
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