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Emerging processes, machine learning and
applications in composite additive manufacturing

Md Zillur Rahman, * H K Mahedi Azad and Morad Hossain Diganto

Composite additive manufacturing (CAM) enables the development of architected, multifunctional

composites, yet industrial uptake, particularly in safety-critical settings, remains limited by process–

structure–property uncertainty driven by coupled interface and defect mechanisms, including nonuni-

form reinforcement dispersion and orientation drift, weak interfacial/interlayer bonding, voids, lack-of-

fusion defects, residual stress, and defect-sensitive property scatter. This review synthesizes four

interdependent pillars, composite feedstock design, CAM process physics, multiscale modeling, and

machine-learning (ML) methods, into an interface-centered process–structure–property–control frame-

work linking manufacturing conditions to microstructural evolution, anisotropy, and performance across

polymer, ceramic, and metal matrix systems. This review summarizes emerging composite materials,

compares major CAM routes together with new modalities and hybrid approaches, including hybrid and

multi-material systems, and examines modeling and simulation strategies from defect-informed RVEs

and solidification-aware DED process maps to multiscale physics models, alongside ML architectures

and workflows relevant to CAM. Quantitative benchmarking metrics are emphasized across mechanical

response, porosity/defect tolerance, geometric and surface quality, anisotropy, productivity, and energy

input. Application drivers are highlighted in aerospace and unmanned aerial vehicle structures,

biomedical implants and scaffolds, automotive components, and soft robotic systems, where orientation

control, interlayer integrity, fatigue/defect tolerance, and traceable quality assurance are decisive. The

analysis further evaluates how ML addresses core CAM bottlenecks, including porosity and melt-pool

behavior prediction, fiber orientation control, in situ defect detection, and real-time process tuning,

using task-specific model selection, design-of-experiments, active learning, transfer/domain adaptation,

simulation pretraining, physics-informed learning, calibrated uncertainty, explainability, and out-of-

distribution validation, and outlines future directions toward passive-to-active, physics-informed,

uncertainty-aware digital twins, standardized benchmarking, and qualification-ready digital threads

supported by auditable regulatory evidence packages for scalable and certifiable CAM.

1. Introduction

Additive manufacturing (AM) is undergoing a fundamental
transition from a geometry-driven prototyping technology to a
manufacturing platform capable of producing architected,
multifunctional, and application-specific components. Within
this transition, composites play an increasingly decisive role
because reinforcement architecture enables the simultaneous
tailoring of stiffness, strength, damping, thermal and electrical
response, lightweight performance, and biofunctionality while
preserving the geometric freedom intrinsic to AM. As a result,
composite additive manufacturing (CAM) is emerging as a
critical enabling technology for high-value sectors, including
aerospace, automotive systems, biomedical devices, and soft

robotics.1–8 Despite this momentum, the broader maturation of
CAM remains constrained by an incomplete understanding of
how feedstock design, process physics, microstructural evolu-
tion, and digital decision systems jointly govern process–struc-
ture–property relationships. Unlike monolithic AM, in which
process parameters are often evaluated primarily against den-
sity, dimensional accuracy, surface condition, or scalar
mechanical properties, CAM requires simultaneous control of
reinforcement dispersion, fiber or particle orientation, matrix
wetting, interphase formation, bead-to-bead bonding, porosity,
lack-of-fusion defects, and residual-stress development.9–12

These phenomena are strongly coupled: rheology and reinfor-
cement transport influence deposition stability; thermal history
affects residual stress, crystallinity, and interfacial bonding;
and defect nucleation governs anisotropy, property scatter, and
ultimately qualification confidence. Consequently, CAM cannot
be fully understood by considering materials, machines, or
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algorithms in isolation. Instead, it requires an integrated
framework that connects composite interface behavior with
process physics, predictive modeling, monitoring, and
qualification.

The current literature provides valuable but fragmented
foundations for this integration. Prior reviews have examined
composite feedstock systems and printable material
innovations,9,12,13 AM process mechanisms and parameter–
property relationships,14–19 and machine-learning (ML) meth-
ods for AM data analytics, monitoring, topology optimization,
and property prediction.10,11,20–22 Digital-twin reviews have
clarified physical–virtual synchronization, in situ monitoring
architectures, simulation modules, and real-time decision sup-
port for AM systems.23–26 Composite-oriented AM reviews have

focused mainly on polymer-fiber printable materials, process
categories, and reinforcement strategies.9 Qualification-
focused reviews and standards have described certification
concepts, production-site quality requirements, traceability,
controls, and documentation for AM.27,28 These contributions
are essential; however, they generally treat ML and digital
twins, composite feedstock architecture, AM process physics,
and qualification evidence as separate domains rather than as
interdependent components of a CAM-specific manufacturing
ecosystem.

The main novelty of this review is therefore not the isolated
discussion of ML, digital twins, benchmarking, or qualifica-
tion, but the use of the composite interface as the organizing
variable within a CAM-specific process–structure–property–con-
trol framework. From this perspective, reinforcement disper-
sion, orientation drift, interfacial bonding, void morphology,
lack of fusion, residual stress, and anisotropic property scatter
are not independent failure modes; rather, they are coupled
targets for materials design, process optimization, sensing,
modeling, benchmarking, and qualification. This interface-
centered framing is particularly important because weak or
inconsistent interfacial load transfer remains one of the main
reasons why CAM parts often fail to reach their theoretical
performance potential, even when reinforcement content and
geometric reliability appear favorable.

Accordingly, this review advances four linked contributions.
First, it provides a cross-process synthesis connecting polymer-,
ceramic-, and metal-matrix composite feedstocks with the
process physics that govern their printability and microstruc-
tural evolution. Second, it establishes quantitative benchmark-
ing criteria for mechanical performance, geometric accuracy,
defect tolerance, anisotropy, and productivity across CAM plat-
forms. Third, it offers problem-specific guidance for matching
ML model classes, including artificial neural networks, con-
volutional neural networks, recurrent neural networks, and
ensemble methods, to CAM tasks such as porosity prediction,
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melt-pool instability detection, reinforcement-orientation con-
trol, and geometric-deviation compensation.29–31 Fourth, it
develops a qualification-oriented roadmap that links designed
datasets, uncertainty-aware prediction, closed-loop control,
digital twins, and auditable digital-thread evidence.

Several persistent barriers motivate this integrated treat-
ment. Nonuniform reinforcement dispersion, orientation drift,
weak interfacial bonding, stochastic porosity, lack-of-fusion
defects, and limited closed-loop process control continue to
restrict repeatability, scalability, and certification readiness in
CAM. ML-enhanced AM has shown substantial promise for
topology optimization, in situ monitoring, parameter selection,
and predictive quality assurance.29–31 However, most current
implementations remain narrowly scoped and do not yet
provide a systematic pathway for integration across the com-
plete CAM workflow. At the same time, emerging AM modal-
ities, including volumetric stereolithography and advanced
directed-energy or jetting-based approaches, are challenging
conventional assumptions of layerwise fabrication, yet
their implications for composite microstructural evolution,
interfacial quality, and qualification remain insufficiently
explored.16,32,33

These gaps persist even as materials discovery, digital-
twin simulation, and closed-loop AM control are becoming
increasingly inseparable within ML-driven manufacturing
frameworks.30,34 To address this need, the present review
develops an integrated analysis that treats materials, processes,
modeling, ML, and qualification as mutually dependent drivers
of next-generation CAM. Specifically, this review: (i) maps
composite feedstock architecture to process-dependent micro-
structural evolution across major AM platforms;4,12,35 (ii) links
multiscale modeling with ML-enabled prediction and optimi-
zation to support transferable and uncertainty-aware process
design;30 (iii) evaluates the suitability of different ML model
classes for CAM-specific prediction, monitoring, optimization,
and control task29–31 and (iv) identifies convergent opportu-
nities for intelligent and autonomous CAM through physics-
informed ML and digital-twin environments.25,30,36,37 Accord-
ingly, this review is driven by the following explicit research
questions: RQ1: How can emerging ML frameworks be system-
atically integrated into CAM workflows to enable predictive
design, real-time control, and autonomous quality assurance?
RQ2: What unresolved mechanistic links between composite
feedstock characteristics, AM process physics, and resulting
performance should be clarified to achieve reliable, scalable
CAM? RQ3: Which emerging CAM modalities and hybridized
manufacturing routes offer the most promising pathways for
high-performance, sustainable composite production?

By addressing these questions, this review advances a holis-
tic roadmap for transforming CAM from a predominantly
empirical practice into a data-rich, simulation-driven, ML-
enabled, and qualification-ready manufacturing paradigm.
Emerging composite materials for AM are first summarized
with emphasis on reinforcement types, matrix systems, and
structure–property relationships across polymer, ceramic, and
metal matrix composites (Section 2). Major CAM processes are

then reviewed, including their classifications, operating princi-
ples, and suitability for different composite classes, followed by
a dedicated discussion of composite-specific processing chal-
lenges related to reinforcement orientation, dispersion, feed-
stock stability, interfacial bonding, and defect formation
(Sections 3 and 3.1). Recent developments in key CAM routes,
including stereolithography, binder jetting, fused deposition
modeling, selective laser sintering, and directed energy deposi-
tion, are subsequently discussed (Sections 3.2–3.6), followed by
emerging hybrid printing and multi-material CAM systems
(Section 3.7). Quantitative performance metrics and bench-
marking criteria for mechanical, physical, geometric, surface,
and productivity-based comparison of CAM processes are then
presented in Section 3.8. Section 4 discusses emerging model-
ing and simulation techniques for CAM, while Section 5
synthesizes ML methods relevant to CAM, including common
model architectures, ML-integrated workflows, data-efficient
learning strategies, and problem-specific model selection for
trustworthy and uncertainty-aware prediction. Section 6 reviews
applications in aerospace, automotive, biomedical, and soft
robotics fields, while Sections 7, 8, and 9 outline key prospects
and challenges, a roadmap for ML-enabled CAM, and conclud-
ing perspectives, respectively.

2. Emerging composite materials
2.1 Polymer matrix composites

Polymers are the most widely used feedstocks in AM
methods.12,38 However, selecting polymers for AM is critical
due to their characteristics. Typically, thermoplastics, thermo-
sets (UV-curable), and hydrogels are the three most commonly
used polymer types in AM. Critical physical properties, mole-
cular structures, printing methods, and subcategories of the
various polymers widely used in AM are illustrated in Fig. 1.12

Additively manufactured polymer materials often lack func-
tionality and the required mechanical properties. As a result,
reinforcements are combined with polymer matrices to achieve
the requisite mechanical, electrical, thermal, and other func-
tional properties that are unattainable by any individual con-
stituent alone.12,39 From the nanoscale (e.g., carbon nanotubes,
graphene, and nanoparticles) to the macroscale (e.g., short and
long fibers), various materials can serve as reinforcement
materials.12 Additively manufactured polymer composites can
be categorized into three types based on the reinforcement
materials (Table 1). Regardless of the category, AM technology
enables the manufacture of polymer composites with complex
geometries with high accuracy and minimal waste.38,39

2.2 Ceramic matrix composites

Ceramic matrix composites (CMCs) are low-density materials
with an outstanding ability to resist high temperatures. There-
fore, it has significant potential in aerospace, aircraft, auto-
motive, energy, environmental, biomedical, military, and other
sectors.40–42 Nowadays, the most used reinforcement materials
for CMCs are whiskers, particles, continuous fibers, and staple
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fibers.41,42 Conventional techniques for manufacturing CMCs
include sintering, reaction bonding, hot pressing, infiltration,
in situ chemical reaction, sol-gel, and pyrolysis.43 However, AM
technology is more suitable than conventional techniques for
manufacturing CMCs due to its shorter development
cycle, lower costs, improved yield, and ability to avoid second-
ary processing of the produced CMC parts.41,42 However, utiliz-
ing AM technologies to manufacture CMC parts requires a
multistep manufacturing process due to the high sintering
temperature. ZrO2–Al2O3, SiCf–SiC, SiC–C, and TiAl3–Al2O3 are
some examples of CMCs that can be manufactured through
AM.42

2.3 Metal matrix composites

In metal matrix composites (MMCs), reinforcing materials are
continuously dispersed within a monolithic metallic matrix to
enhance overall properties.44,45 Depending on the application,

different metal matrices (e.g., magnesium, aluminum, and
titanium) are used in MMC for structural and high-temperature
applications.45 The main functionality of such matrices is to
provide stability, support the dispersed reinforcements, and
help to carry loads to the composite structure.46 Although
silver, beryllium, aluminum, cobalt, iron, copper, nickel, mag-
nesium, and titanium are the most common matrices that are
used for commercial applications, it has been reported that
25% of the market uses only copper as the matrix for MMCs.45

Furthermore, C, Gr, BeO, Mo, NbC, TiB, TiBl2, TiC, SiC,
TaC, and Al2O3 are commercially used reinforcement materials
in MMCs. Moreover, some CAM applications also use MMCs
consisting of continuous reinforcement (i.e., SiC, graphite, and
Al2O3 fiber) and discontinuous reinforcements (i.e., whiskers,
short fibers, and particles).45,46 Recent advancements
in MMC materials for AM have opened a range of possi-
bilities in the automotive, aerospace, sports, and structural

Fig. 1 Frequently used polymer types in AM: (A) thermoplastics, (B) thermosets, and (C) hydrogels, adapted from ref. 12 (open access).

Table 1 Classification, properties, and examples of polymer composites. Adapted from ref. 13 (reused with permission, license number 6212370793093)

Classification Properties Examples

Particle-reinforced Superior tensile and compressive moduli and thermal
conductivity

Al-ZrB2-ABS, Al-Al2O3-Nylon 6, CaTiO3-polypropylene,
glass bead-polyamide, and diamond-acrylic

Reduced thermal coefficient and enlargement at break

Fiber-reinforced Massive increase in mechanical properties Short glass fiber, ABS short carbon fiber, silicon car-
bide yarn, nylonLightweight

Nanoparticle-reinforced Enhanced tensile and compressive moduli CNF-nylon, graphite-polystyrene, CNF-ABS, and metal
nano-powder polymersReduced elongation and thermal coefficient

Increase thermal stability and electrical conductivity
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industries.45 Al–GrO, Al–Gr, A332–Al2O3–SiC, and Al–SiC are
examples of MMCs that can be fabricated using AM.46

3. Emerging CAM processes

According to the American Society for Testing and Materials
(ASTM), AM processes are classified by the methodologies used
to create layers of materials that stack and gradually form the
complete object.7,16,47–53 Various CAM techniques, their classi-
fications, base material types, and typical resolutions are pre-
sented in Table 2.

3.1 Composite-specific challenges of AM methods

Beyond geometric capability, composite AM performance is
governed by (i) reinforcement orientation/architecture, (ii) dis-
persion and feedstock stability, and (iii) interfacial bonding
(matrix–matrix and matrix-reinforcement). Table 3 compares
AM methods and their composite-specific processing chal-
lenges (fiber orientation, dispersion, and bonding).
� Vat photopolymerization (SLA/DLP): particle-filled resins

are common, but short/continuous fibers are difficult to orient
and keep uniformly suspended; increased viscosity and optical
scattering reduce cure depth and can create partially cured
interlayers. Agglomeration and sedimentation drive spatially
varying stiffness, residual stress, and microcracking; surface
functionalization and rheology control (thixotropy) are typically
required for stable printing.16

� Material extrusion (FFF/DIW): shear during extrusion and
raster/toolpath design can deliberately align short fibers and
place continuous fibers, but dispersion depends strongly on
compounding quality (fiber breakage, nozzle filtering, and
clogging). The dominant bonding limitation is interlayer weld-
ing/diffusion across bead interfaces; fiber-rich boundaries
reduce intimate contact and increase voids, leading to aniso-
tropic Z-strength unless thermal management (preheating/
closed chamber) and consolidation are used.61,62

� Powder bed fusion (PBF): for particle-reinforced systems
(polymers or MMCs), ‘dispersion’ is largely set by powder
preparation; density/size mismatches cause segregation and
reinforcement clustering, which can be exacerbated by melt-
pool flow. Bonding is governed by wetting, interfacial reactions,
and thermal gradients; lack-of-fusion porosity and hot cracking
are key risks, especially when reinforcement alters absorptivity
or melt viscosity.63

� Binder jetting (BJT): orientation control is minimal
(powder-based), so reinforcement architecture is driven by
powder morphology and post-processing. Dispersion is sensi-
tive to segregation during recoating and to binder saturation/
migration; bonding quality is determined primarily during
sintering/infiltration, where differential shrinkage and incom-
plete densification often dominate final porosity and
strength.64,65

� Material jetting (MJT): composite ‘inks’ require long-term
dispersion stability (no sedimentation), tight viscosity

Table 2 CAM processes, their classification, and comparison

Processing
techniques Classification Methods Base material types

Typical
resolution Re.

Vat
photopolymerization

Stereolithography Laser treatment Photopolymer resin (ceramic,
metallic, and composite filler)

1–100 mm 13, 16, 54
and 55Digital light processing Cured with a projector

Continuous digital light proces-
sing/continuous liquid light
processing

Rehabilitate with LEDs and
oxygen

Material jetting Material jetting UV treatment Metals, ceramics, polymers,
hybrids, and biomaterials

10–25 mm 13 and
54–56Nanoparticle jetting Heat treatment

Drop on demand Milled to form

Binder jetting Binder jetting Joined by a bonding agent Ceramics, metals, biomaterials,
polymers, composites, and
alloys

B100 mm 13, 54, 55
and 57

Material extrusion Fusion deposition modeling Filament feeding through the
nozzle and extruder is continuous

Polymers and composites 100 mm–1
cm

13 and
52–55

Sheet lamination Laminated object manufacturing Adhesives used for bonding Polymers, metals, ceramics,
and hybrids

200–300
mm

13, 54, 55,
58 and 59Ultrasonic AM Lower temperatures than the

melting temperature of raw
materials and the normal force
used for bonding

Powder bed fusion Direct laser metal sintering Fused with agent and energy Polymers, metals, ceramics,
and composites

50–100
mm

13, 51
and 54–56Selective laser sintering Laser fusing

Direct metal laser sintering/selec-
tive laser melting

Laser fusing

Electron beam method Fused with an electron beam

Direct energy
deposition

Laser engineering net shape Fused with a laser Metal and metal hybrids 100 mm–1
cm

13, 54–56
and 60Electron beam AM Fused with an electron beam
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windows, and clog-resistant nozzles. Bonding depends on
droplet coalescence and curing/solidification (or debinding/
sintering for nanoparticle jetting), making interlayer adhesion
and trapped-void control central to part integrity.66–68

� Directed energy deposition (DED/WAAM): reinforcement
control is typically limited to particle or wire feeding; disper-
sion depends on stable delivery and mixing in the melt pool.
Bonding is metallurgical via remelting but can be compromised
by dilution, segregation, and intermetallic formation at the
reinforcement–matrix interface; steep thermal gradients drive
residual stress and increase the risk of cracking.69

� Sheet lamination/ultrasonic AM (LOM/UAM): when sheets/
prepregs define reinforcement architecture, orientation control
can be excellent, but bonding is interface-limited: adhesive/
thermal bonding (LOM) and oxide/contaminant disruption
plus plastic flow (UAM) determine interlayer integrity.
Unbonded regions and delamination remain the principal
quality threats and require optimization of process parameters
and surface preparation.70

3.2 Stereolithography

The devices used for AM are generally unable to receive
information from 3D CAD files, which contain the objects’
design and geometry. Therefore, the CAD files are converted
to stereolithography (STL) files, which approximate the 3D
model using the simplest triangles and polygons. Secondly, a
computer program defines and slices the 3D model into cross-
sections. Then, finally, these cross-sections are fabricated and
combined to form the 3D model.4,94,95 Over the years, the SLA
technique has made great progress, as evidenced by its
approaches, as presented in Table 4.

Volumetric SLA is a recent development in this process,
which was introduced by Shusteff et al.32,96 based on holo-
graphic lithography. In a volumetric SLA system, the overlap-
ping of patterned optical fields from three orthogonal beams is
projected onto a photosensitive resin. By measuring the coun-
terbalance between each beam, 3D geometries can be generated
from a single exposure of the intersected profile. Fig. 2(a)
illustrates silicon spatial light modulators (SLM), beam blocks
to eliminate un-diffracted light (BB), Fourier transform lenses
(FLT), hologram planes (HP), ‘‘4-f’’ configured telescope lens

pairs for beam expansion, pinhole spatial filters (4fn), and 451
prism mirrors for directing image subcomponent beams ortho-
gonally into the resin volume.32,71

Further research was conducted on the dual-wavelength
process (Fig. 2(b)) to understand volumetric SLA.97 Further-
more, Kelly et al.72 and Loterie et al.73 proposed a promising
volumetric SLA technique based on tomographic reconstruc-
tion (Fig. 2(c)). The researchers showed that in tomographic
volumetric SLA, simultaneous irradiation is used to expose the
entire volume of photosensitive resin. As shown in Fig. 2(c and
d), computed light patterns are projected from the side into the
rotating cylindrical resin container. The process of light pattern
computation using the Radon transform is comparable to
topography, and it is presented in synchronization with the
resin container’s circular movement. In order to create the
desired objects, a volume of resin must locally exceed its
gelation threshold due to the 3D distribution of the collected
light dose (Fig. 2(e and f)).71

Volumetric SLA enables the fabrication of complex compo-
site geometries in a single unit operation, making the process
faster than other approaches (e.g., scanning, projection, and
continuous) that use a layer-by-layer approach. In layer-by-
layer approaches, the planarization time and resin surface
settling time are slower, which allows the fluid–air interface
to create oxygen-concentrated gradients in the object, whereas
volumetric SLA can help overcome these bottlenecks.96 In
contrast, studies have shown that multiple SLA approaches
can be combined to produce high-performance objects. For
instance, researchers have used both scanning and projection
approaches in SLA and successfully fabricated 3D structures
with higher resolution.71,98

3.3 Binder jetting

Patented by Emanuel Sachs in 1993, binder jetting (BJT) was
initially developed at the Massachusetts Institute of Technology
by using gypsum-type powder and bubble inkjet print heads
that deposited binders (i.e., glycerin or water). The method has
not been fundamentally changed to date.33,57 Therefore, the
method can be used to manufacture ceramic matrix
composites.99–101 According to ASTM F2792, powder materials
are joined selectively using liquid bonding agents in the BJT

Table 4 Advancement of SLA techniques throughout different generations71 (open access)

Generation
SLA
approaches Methods

System
resolution

Printable
size Printing speed Light source

1st Gen
(1984)

Scanning Scanned with a focused laser beam to cure resin B100 nm 10–100 mm 100–1000 mm
s�1

UV lights

2nd Gen
(1988)

Projection Projected UV radiation through masks and a piece of
flat transparent material simultaneously on the resin

45 microns 10 mm 10 mm hour�1 UV/visible
light

3rd Gen
(2015)

Continuous Continuous manufacturing, where cured resin gets
mechanically moved and replaced by uncured resin

45 microns 10 mm 100 mm hour�1 UV/visible
light

4th Gen
(2016)

Volumetric Directed image subcomponents beam orthogonally at
the resin volume

80–300 microns 10 mm 4105 mm3

hour�1
UV light
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process. Afterward, the layers are joined to form a solidified
structure in which powders are arranged in the desired 3D
geometry.57 In this process, a small amount of base material is
delivered by the print head, while the majority remains in the
powder bed. Typically, the binder droplets (B80 mm in dia-
meter) form spherical agglomerates of binder liquid and pow-
der particles while providing bonding strength to the previously
printed layer.56 The schematic diagram of the BJT is shown in
Fig. 3.

After printing 3D geometry with BJT, a series of postproces-
sing operations (Fig. 4) is required. Firstly, the manufactured
structure may need to be heated to cure the binder, followed by
a de-powdering process to remove excess parts from the powder

bed. At this stage, the removed part of the powder bed is called
‘‘green’’ and is not suitable for end use. Following this, infiltra-
tion or sintering is performed to achieve desirable mechanical
properties, making the greens suitable for end use.33,57 The
post-curing process strengthens its greens and dries the
binder.57 Curing processes (e.g., thermal curing, drying, salt-
based binder reduction, and preceramic polymer conversion)
should be selected depending on the binder chemistry to
produce high-quality products.33 Generally, the powder bed is
detached from the printer during curing. The binder is then
heated to dryness, allowing the green geometries to be removed
from the powder bed.33,57 In this process, the ‘‘build box’’
containing the printed parts and the powder bed is heated in
an oven to 180–200 1C for hours, depending on the binder
characteristics and the build volume. Then the loose powder is
removed from the build box by manual brushing and vacuum-
ing. As a result, green geometry becomes loosely bound and is
immediately taken to the densification stage, known as sinter-
ing or infiltration.57

Green geometries typically obtain 50–60% density after
curing and de-powdering. Microscopically, the powder particles
at this stage are bound to the polymer at the particle contact
points. At this point, desired mechanical properties and density
can be achieved through various densification methods, includ-
ing sintering and infiltration. Before any densification method,
a burn-out step at B600–700 1C is performed to fully pyrolyze
the binder. Although sintering characteristics may vary from
material to material, practically, they can be controlled by using
mixed powders of various sizes and a sintering aid with coated

Fig. 3 Schematic diagram of the BJT process. Adapted from ref. 102
(reused with permission, license number 5826971245184).

Fig. 2 Schematic diagram of (a) first volumetric SLA, (b) dual-wavelength volumetric polymerization, and volumetric tomographic SLA (c) conceptual
diagram, (d) device, and (e) sequential view of the fabrication by volumetric SLA, and (f) fabricated geometry. Adapted from ref. 71 (open access).
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particles. Therefore, densification strategies become different
for metals, ceramics, and polymer composites. In addition,
design considerations (i.e., section size and part orientation)
are crucial for effectively removing bindings and avoiding
slumping during sintering.33,57 According to Mostafaei
et al.,57 the average roughness of the fabricated part is about
6 mm after preprocessing. After preprocessing, surface finishing
is a common practice. Common surface-finishing techniques
include tumble polishing, bead blasting, machining, plating,
extrude-horning, and hand polishing.57

Although the working principle of most of the commercially
available BJT printers remains fundamentally unchanged since
their invention, two different types of BJT approaches have
been developed in recent years (Fig. 5). In 2013, a German-
based machine-industry company, Voxeljet, introduced a strat-
egy based on linear translation of the fabricated part (Fig. 4 (a)).
Another approach, known as spiral growth BJT manufacturing,
was developed by researchers at the University of Liverpool,
United Kingdom, in the early 2000s (Fig. 4(b)). In the Voxeljet,
the build surface of the powder bed is 301 inclined, which is
less than the critical angle of the powder’s repose. BJT and

recoating of the powder are carried out on this build surface. In
contrast, the spiral BJT printer has four build stations, and
printing is performed by rotating the machine plates.56,102

3.4 Fused deposition modeling

Fused deposition modeling (FDM) is the most widely used
material-extrusion-based AM method,53 invented in 1989 by
Scott Crump, co-founder of Stratasys, a USA-based manufac-
turer of 3D printers, software, and materials for polymer AM. In
FDM, thermoplastic polymers such as acrylonitrile butadiene
styrene (ABS), polycarbonate (PC), and polylactic acid (PLA) are
used as base materials. As shown in Fig. 6, the extrusion head
of the FDM machine is directly connected to the roller where
filaments are stored. The extrusion head has motions in the X,
Y, and Z directions, where only the build platform moves.
Generally, two types of filament materials (i.e., built material
and supporting material) are used for FDM, with a typical
diameter of 1.75–3 mm.103,104 Pre-processing, production, and
post-processing are the three stages of the FDM manufacturing
technique.104

Fig. 4 Schematic diagram of BJT AM and post-processing processes (a) first layer and the foundation preparation, (b) and (c) printing process, (d) binder
curing process in the oven, (e) de-powdering followed by the infiltration process, (f) infiltration process, (g) de-powdering followed by sintering, and (h)
sintering process in the supervised atmosphere. Adapted from ref. 57 (open access).

Fig. 5 Schematic diagram of (a) continuous BJT and (b) spiral growth BJT machine, adapted from ref. 102 (reused with permission, license number
5826971245184).
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The feedstock material attached to the extrusion head is
heated to a semi-liquid state before printing begins. Then, 2D
layers are stacked on the build platform until the required 3D
geometry is fabricated. The filament temperature during print-
ing remains between 150 and 300 1C, and the dimensional
printing accuracy is 100 mm.104 Despite higher accuracy and
lower cost, simple post-processing is required to prepare FDM-
printed parts for end use.53,104 According to Kumbhar and
Mulay,105 the main objective of post-processing in FDM is
surface finishing using chemical (i.e., heating, coating, and

vapor deposition) and mechanical (i.e., sanding, machining,
abrasive, barrel, and vibratory finishing) processes. Based on
the feed mechanism and the extrusion head, FDM can be
classified into three types: single-head, dual-head, and in-
nozzle impregnation (Fig. 7a).54,106 The single-head FDM
method is a traditional CAM approach that uses only one
filament.104 However, single-head FDM can print just one
material system at a time, and the processing temperature is
relatively high. In contrast, dual-head FDM can print two
material systems simultaneously, making it suitable for poly-
mer composite manufacturing. The in-nozzle FDM process is
the most recent development of FDM technology, in which the
nozzle head is reinforced with the heated material to improve
mixing and fiber incorporation into the polymer matrix.54

Regardless of the specific method, FDM can manufacture
composite structures efficiently and at relatively low cost;
however, as-built surfaces commonly require chemical or
mechanical post-processing, and interlayer bonding is
often limited by diffusion/welding across bead interfaces, espe-
cially when fiber-rich regions reduce intimate contact and
promote void formation.53,61,62,107–109 An iron-ABS composite
material manufactured using the FDM technique is shown in
Fig. 7b and c.

Fig. 7 (a) Different types of FDM methods, adapted from ref. 104 (reused with permission, license number 5826980222657). (b) ABS (white colored) and
iron-ABS (black colored) test sample, and (c) Iron–ABS composite structure manufactured using the FDM technique, adapted from ref. 107 (reused with
permission, license number 5827071030726).

Fig. 6 Schematic diagram of FDM. Adapted from ref. 103 (open access).
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3.5 Selective laser sintering

Developed by Carl Deckard in 1989,110 selective laser sintering
(SLS) is a process that uses a selective laser beam to irradiate
and solidify the powder material in layers to manufacture
complex geometries. In this process, powder materials are
preheated to a high temperature before irradiation through a
laser beam. The preheating temperature is controlled below the
softening temperature of the polymer materials to avoid pow-
der amalgamation. Then the laser is used to heat and selectively
solidify the powder material to the sintering temperature.
Later, the powder temperature is allowed to decrease gradually
after the completion of the sintering process.111–113 The three
steps of the SLS process are illustrated in Fig. 8. The funda-
mental principle of SLS is quite simple, and it is a cost-effective
and feasible technique. In various AM techniques (e.g., FDM,
material jetting, and SLA), a support structure is essential,
whereas in SLS it is not required, which is considered a critical
advantage. This advantage arises because the unsintered pow-
der surrounding the part acts as a self-supporting medium due
to powder packing and thermal stability, so separate support
structures are typically unnecessary.112 There are other advan-
tages of SLS, such as durability, an economical and fast process,
the ability to manufacture complex and large parts, the

production of watertight and sterilizable parts, material versa-
tility, and high printing accuracy.110 Some SLS-manufactured
composite materials are illustrated in Fig. 9.

3.6 Direct energy deposition

The direct energy deposition (DED) process uses a focused
thermal energy source to melt materials and deposit them to
form structures. The basic principle of DED is the formation of
material through the combined operation of cladding and
welding, using either powder or wire feeding techniques
(Fig. 10). Firstly, the adjacent layer of filament material is
targeted by the specific thermal energy (i.e., laser, electron
beam, or welding heat flux). The targeted zone of thermal
energy is then simultaneously supplied with a feedstock con-
taining various types of wires and powders, in the presence of
an inert gas. The feedstock and the adjacent layer are both
melted in and around the region of concentrated thermal
energy, forming a molten pool.114,115 Moreover, the process
can be categorized into wire and powder feeding types based on
the feedstock. In wire-feeding processes, a wire is used as
feedstock for a plasma arc, and the electron beam, electric

Fig. 8 Schematic diagram of SLS. Adapted from ref. 112 (open access).

Fig. 9 Composite parts manufactured by SLS; (a) two-part buckle and (b)
circular chain, adapted from ref. 112 (open access).

Fig. 10 Schematic diagram of different DED processes showing powder
feeding in (a) co-axial direction, (b) off-axis direction, and wire feeding in
(c) co-axial direction, (d) off-axis direction. Adapted from ref. 114 (open
access).

Materials Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 1
1:

23
:5

2 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ma00219f


Mater. Adv. © 2026 The Author(s). Published by the Royal Society of Chemistry

arc, and laser are used as sources of thermal energy. However,
only a laser is used as the thermal energy source for powder-
feeding processes.60,114 This process is highly adaptable for the
deposition of high-performance materials, including alloy
steels, titanium-based alloys, stainless steels, tool steels,
cobalt-based alloys, nickel-based alloys, intermetallics, shape
memory alloys, aluminum alloys, high-entropy alloys, ceramics,
functionally graded materials, and composites.60,115,116 Never-
theless, the properties and quality of parts manufactured by
DED depend on the category of DED process, interactions
between beams and materials, environment of the printing
process (i.e., inert gas, vacuum, or ambient), parameters of
deposition (i.e., hatch spacing, powder feed rate, laser powder,
laser scan speed, and laser scan strategy), and attributes of the
feedstock.116

DED can also be described in terms of solidification para-
meters, because bead geometry alone does not determine the
microstructure of a deposited composite or metal-matrix build.
At the solid–liquid interface, the thermal gradient, G, and local
solidification rate, R, determine growth-front stability. A high
G/R ratio favors planar or cellular front stability, whereas a
lower G/R ratio increases constitutional undercooling and
promotes cellular-dendritic or equiaxed dendritic growth,
depending on alloy chemistry, nucleant availability, flow, and
thermal history.116–118 The product G � R is the local cooling
rate and is commonly related to cell or dendrite-arm spacing,
with higher cooling rates producing finer microstructural
length scales.116,117 In DED of MMCs, these quantities are
especially important because reinforcement particles or in situ
reaction products alter melt viscosity, absorptivity, convection,
nucleation, and solute redistribution. As a result, changes in
laser power, scan speed, layer reheating, powder or wire feed
rate, and shielding conditions can shift the G/R ratio and
thereby affect columnar-to-equiaxed transition behavior, den-
dritic growth, segregation of alloying elements or ceramic
reinforcements, and interfacial reaction layers.116–119 Conse-
quently, DED process maps for CAM should not report only
nominal heat input and bead dimensions; they should also
include, where possible, measured or simulated G, R, G/R, and
G � R values linked to microsegregation, dendrite spacing,
reinforcement distribution, residual stress, and cracking
susceptibility. In addition to manufacturing new components,
DED is widely used for repair and remanufacturing applica-
tions, which can extend component service life and reduce
environmental impact.60,115 Owing to these advantages, DED
has gained increasing attention in defense, aerospace, biome-
dical, and automotive industries.115

3.7 Hybrid printing and multi-material systems in CAM

Beyond single-material architectures, contemporary CAM is
increasingly driven by hybrid printing and multi-material addi-
tive manufacturing (MMAM), which enables spatial control
over composition, architecture, and interfaces that is difficult
to achieve with monolithic builds. In the strict sense, MMAM
refers to the deposition of two or more distinct materials within
a single layer or build platform, whereas hybrid manufacturing

integrates additive, subtractive, and sometimes forming or
joining steps into a single process chain. Recent
reviews120–125 show that multi-material capability is available
across almost all major AM modalities, including material
extrusion, material jetting, vat photopolymerization, powder-
bed fusion, and directed energy deposition. This significantly
expands the design possibilities for architected composites
compared to single-material processes. Multi-material metal
AM, as per the ASTM F2792-12a standard, is shown in Fig. 11.

In polymers, multi-nozzle and single-mixing-nozzle
material-extrusion platforms enable sharp or graded transi-
tions between stiff and compliant filaments (e.g., PLA/TPU,
PLA/ABS, and PEEK-based systems), as well as between filled
and unfilled filaments.124,126 For example, Baca and Ahmad127

compared multi-material FDM using a single mixing nozzle
versus multiple nozzles and reported that interface design and
nozzle strategies can change ultimate tensile strength by B15–
30% and strongly affect failure points at material boundaries.
Sequential multimaterial printing of functionally graded bio-
polymer composites has been used to mimic bio-inspired
architectures with continuous variations in stiffness, demon-
strating that mechanical gradients (e.g., modulus variations of
a factor B3–5 across the structure) can be encoded directly via
toolpath and feedstock scheduling rather than post-
processing.122,128 In the context of CAM, such platforms are
particularly attractive for tailoring local fiber volume fraction,
embedding continuous or discontinuous fibers only where load
paths demand them, and introducing sacrificial or soluble
phases to generate vascular or porous networks.

Vat-photopolymerization and inkjet-based systems have also
been extended to multi-material composites. Multi-vat vat-
photopolymerization has enabled graded ceramic suspensions,
permitting spatial control of ceramic loading and thus local
stiffness and sintered density within a single part.129 Similarly,
direct ink writing (DIW) has been used to co-print multi-
material reactive composites, where a structural matrix is
locally co-deposited with energetic or functional phases; these
studies highlight that tuning interface geometry and the
sequence of material deposition can change measured com-
pressive strength and energy-release characteristics by more
than an order of magnitude.130 At the structural scale, multi-
material AM of Ti-, Mg-, and Fe-based alloys has been explored
for graded biomedical implants, where compositionally graded
interfaces reduce local stress concentrations and improve fati-
gue performance relative to sharp bi-metal transitions fabri-
cated by conventional joining.123,131

Hybrid additive–subtractive manufacturing adds another
layer of flexibility for CAM. In hybrid systems, material deposi-
tion (e.g., directed energy deposition or laser powder-bed
fusion) is interleaved with high-precision milling or turning,
enabling near-net-shape deposition of difficult-to-machine
composites followed by local machining to achieve tight toler-
ances and improved surface integrity. Hybrid metal AM can
achieve relative densities Z99.5%, fatigue strengths compar-
able to wrought alloys, and machined surface roughness (Ra)
below E1–2 mm, while reducing total process time by 20–40%
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compared with sequential AM followed by stand-alone
machining.132–136 For fiber-reinforced systems, hybrid routes
are particularly relevant when continuous fibers are locally
interrupted for inserts or load-transfer features, since in situ
machining can re-establish the designed surface quality and
geometry at these interruptions. Hybrid AM also synergizes
with the machine-learning-driven process-planning strategies,
because data from both additive and subtractive stages (e.g., in-
process metrology, cutting forces, and tool wear) can be fused
to close the loop on part-quality prediction across the entire
composite process chain.

Despite these advances, challenges remain in hybrid and
multi-material CAM relevant to structural reliability. First,
thermal and elastic mismatches at material or phase bound-
aries can lead to interfacial residual stresses, delamination, and
microcracking; interfacial strength reduction of 10–40% can
occur when high-modulus and low-modulus polymers are
sharply juxtaposed without designed transition zones.121,122

Second, process planning and path scheduling for MMAM
and hybrid machines are far from mature: multi-objective
optimization should simultaneously consider collision-free
toolpaths, support-free deposition of overhangs, thermal
management across dissimilar materials, and accessibility for
in situ machining, all under manufacturing time and cost

constraints.135 Addressing these multi-physics, multi-material
interactions and quantifying their influence on long-term fati-
gue, creep, and environmental durability remains a critical
frontier for achieving reliable CAM components in safety-
critical applications.

3.8 Quantitative performance metrics and benchmarking for
CAM processes

Quantitative performance metrics allow a more objective com-
parison between processes. For CAM, such metrics should span
(i) mechanical performance (tensile, flexural, interlaminar, and
fatigue properties), (ii) physical metrics (density and porosity),
(iii) geometric and surface metrics (dimensional accuracy and
roughness), and (iv) process and productivity metrics (build
rate, energy input, and throughput). Reporting only qualitative
advantages (e.g., ‘‘high design freedom’’) is insufficient;
instead, process–structure–property relationships should be
framed using consistent, experimentally measured ranges.137

For material-extrusion-based polymer composites, mechan-
ical properties are now well-quantified. A study138 reported
tensile strengths of 36.5–70 MPa and elastic moduli of B1.1–
4 GPa for FDM-printed PLA, depending on print orientation
and process parameters, with compressive strengths of 31–
80 MPa. A process-parameter study139 in polymers showed that,

Fig. 11 Laser and ultrasonic multi-material AM for metals according to the process classifications of ASTM F2792-12a: (a) powder bed fusion, (b) directed
energy deposition, and (c) sheet lamination, adapted from ref. 122 (open access).
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for PLA, increasing the infill to 100% and optimizing the layer
thickness (E0.2–0.4 mm) yield tensile strengths of 45–50 MPa,
whereas lower infill fractions and coarser layers can reduce
strength by 30–40%. Comparative experiments across PLA, ABS,
PETG, and PEEK indicated that, under comparable FDM con-
ditions, PLA and PETG typically show higher tensile and
compressive strengths than ABS, whereas PEEK exhibits super-
ior stiffness but is more sensitive to processing temperature
and crystallinity; analysis of variance consistently identifies
infill percentage and layer thickness as the dominant factors
governing tensile and flexural response.140 In addition, Kargar
and Ghalebahman141 reported that sub-optimal raster orienta-
tions can reduce fatigue life by more than an order of magni-
tude at a fixed stress amplitude, even when static tensile
strengths differ by less than 20%. These data highlight the
need to report mechanical anisotropy ratios (e.g., strength
parallel vs. perpendicular to build layers) and S–N behavior,
not only single-point strengths.

For powder-bed fusion of polymers, quantitative bench-
marks are emerging as well. SLS- and MJF-processed PA12
routinely achieve tensile strengths around 45–50 MPa and
moduli of B1.5–1.8 GPa, with differences in tensile and
flexural strengths between SLS and MJF of only a few percent
when process windows are optimized.142 Another study143 on
PA12 powder composition and reuse showed that entirely virgin
powder can deliver tensile strengths of E46 MPa and an as-
built Ra of E10–11 mm. In contrast, increased recycled content
leads to reduced strength and higher roughness, demonstrat-
ing a clear trade-off between sustainability and part perfor-
mance. Importantly, these works couple mechanical metrics
with geometric and productivity indicators: for example, in
manufacturing PA12 forearm orthoses, SLS and MJF yield
statistically similar tensile and flexural strengths, while MJF
offers higher weekly production capacity at fixed mechanical
targets and comparable dimensional accuracy.142 For CAM
applications, such coupled metrics (mechanical performance
vs. throughput and surface quality) are essential to justify
process selection beyond simple strength comparisons.

In metallic systems, laser powder-bed fusion (LPBF/SLM) of
316L stainless steel serves as a well-studied reference for high-
performance AM. A systematic parameter-optimization study144

demonstrated that relative densities of 99.6–99.97% are routi-
nely achievable, with yield strengths of 400–420 MPa and an
elongation at failure of B40–42% for optimized parameter sets.
Another study145 reported even higher tensile properties: ulti-
mate tensile strengths of B650–770 MPa, yield strengths of
B410–580 MPa, and elongations of B40–46%, depending on
energy density and scan strategy, exceeding the performance of
many wrought 316L products. At the same time, SLM surface
roughness on as-built 316L surfaces is typically an order of
magnitude higher than that of machined surfaces (Ra on the
order of several micrometres for up-skin surfaces and higher
for down-skin) and is strongly affected by laser power, scan
speed, hatch spacing, and scan strategy.146 Multi-objective
optimization and machine-learning-based models have there-
fore moved toward treating relative density, surface roughness,

and mechanical properties as simultaneous design objectives,
rather than independent quantities.147

From a fatigue and defect-tolerance perspective, quantitative
metrics are again critical for CAM. AM metals showed that
pores, lack-of-fusion defects, and surface notches can reduce
high-cycle fatigue strength by 30–60% relative to fully dense,
polished specimens, even when static tensile properties are
similar.148 Fatigue-critical design thus requires metrics such as
defect size distributions (e.g., maximum pore size and area
parameters), near-surface defect densities, and surface topo-
graphy parameters (Sa, Sz, not just Ra), in addition to conven-
tional S–N curves. For continuous-fiber and short-fiber CAM,
these metrics should be enhanced by interfacial measures,
such as interlaminar shear strength, mode I/II fracture tough-
ness, and fiber pull-out energy, since the primary failure modes
often shift from matrix-dominated to interface-dominated.

Overall, the literature clearly supports (i) the important role
of hybrid and multi-material processing routes in expanding
the design possibilities for CAM, and (ii) the need to report
quantitative performance metrics such as mechanical, geo-
metric, and process-level when comparing processes and
designing composite architectures. Integrating these metrics
into data-driven process-selection and optimization frame-
works is a necessary step toward reliable, certifiable deploy-
ment of composite AM in high-value engineering applications.

4. Emerging modeling and simulation
techniques of CAM

The properties of additive-manufactured composite materials
depend on various processing parameters, such as base materi-
als, layer thicknesses, layer proportions, and reinforcement
orientation.149,150 Therefore, the microstructure of additive-
manufactured composites differs from the microstructure of
conventionally manufactured composites. Moreover, because
the microstructure of composite materials influences the prop-
erties of manufactured objects, AM techniques enable the
manufacture of composites with higher performance.151 How-
ever, it is essential to determine the optimal processing para-
meters for manufacturing such composites. In recent years,
various modeling and simulation techniques (e.g., representa-
tive volume element, moving laser source method, and multi-
scale physical modeling) have emerged as convenient methods
for optimizing the process parameters of unique and multi-
physical CAM processes. Furthermore, such techniques can
help determine the effects of reinforcement percentage, rein-
forcement orientation, fatigue properties, porosity, and laser
energy density on composite materials manufactured by the
AM.152

4.1 Representative volume element method

The representative volume element (RVE) method provides a
micromechanical route for linking the heterogeneous micro-
structure of CAM materials to homogenized properties used in
layer- or part-scale simulations. An RVE should be sufficiently
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large to contain statistically representative microstructural
information, yet sufficiently small relative to the macroscopic
body to justify continuum homogenization.152,153 In material-
extrusion CAM, this requirement is difficult to satisfy
because the printed microstructure is not a simple random or
periodic fiber-matrix system. Fiber alignment induced by extru-
sion, fiber length and volume fraction, bead-to-bead bonding,
raster architecture, voids, and interlayer interfaces all contri-
bute to anisotropic and defect-sensitive mechanical
behavior.154,155

For this reason, idealized RVEs with perfect fiber-matrix
bonding, an isotropic matrix, unchanged fiber geometry, and
no voids should be interpreted as upper-bound baselines rather
than realistic representations of printed composites. Such
models are useful for isolating the effects of fiber content, fiber
length, and nominal orientation, but they omit process-
induced mechanisms that often control stiffness, strength,
and failure in CAM parts. Experiments and micromechanical
studies show that printed fiber-reinforced thermoplastics can
contain inter-filament and intra-filament voids, imperfect
impregnation, weak interlaminar bonding, fiber-rich and
matrix-rich regions, fiber-orientation heterogeneity, and inter-
facial damage.156–160 These features reduce effective stiffness,
introduce nonlinear response, and promote debonding, pull-
out, interlayer delamination, and anisotropic damage
accumulation.157,161,162

A more defensible RVE workflow is therefore hierarchical
and experimentally informed. First, a void-free, perfectly
bonded RVE can be used to establish a reference homogenized

response. The model should then be refined using measured
microstructural descriptors obtained from microscopy or X-ray
microCT, including fiber spatial distribution, fiber volume
fraction, orientation statistics, raster-level porosity, and bead-
interface geometry.160,161 Fig. 12 illustrates a hierarchical RVE
modelling workflow for FDM/CAM composites, progressing
from the layered printed structure to a representative micro-
structural volume and mesoscale FEM simulation under
displacement-controlled loading. Interfacial failure should
not be represented solely by displacement and traction con-
tinuity at the fiber–matrix boundary. Cohesive elements, cohe-
sive contact formulations, or imperfect-interface conditions
can be calibrated from fiber pull-out, microbond, short-beam
shear, interlaminar fracture, or inverse-identification
tests.161,163,164 When sizing chemistry, thermal history, or reac-
tion products that produce an interphase with a finite thick-
ness, an explicit interphase layer may be assigned independent
stiffness, strength, thermal expansion, and damage para-
meters; alternatively, finite normal and tangential compliances
can be prescribed at the interface.163,164

Although these refinements increase computational cost
and introduce additional calibration uncertainty, they improve
the physical credibility of CAM RVE predictions. The most
reliable multiscale strategy is to progress from ideal homoge-
nization to defect-informed RVEs, then transfer the resulting
effective properties and damage variables to mesoscale bead,
layer, or part simulations. Future work may focus on
uncertainty-aware RVE generation, standardized calibration of
cohesive and interphase parameters, and validation against

Fig. 12 (a) Step-by-step procedure for developing an RVE model from the layered inner structure of an FDM-manufactured component, and (b) FEM
simulation of composite materials is demonstrated at the mesoscale, with one fixed end and the other end shifted by displacement. Adapted from ref. 159
(open access).
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full-field strain measurements and failure observations across
multiple print paths, materials, and loading modes.

4.2 Moving laser source method

Powder bed AM methods, such as SLS and SLM, require
simulation to model the spreading of a composite powder
layer, which is usually performed in MATLAB or SolidWorks
(Fig. 13).165,166 The position of each spherical particle of
composite powders is determined using a random function
that complies with the non-overlap criterion. Furthermore, the
layer of powders is scanned by a moving laser source, and the
laser source simulation is performed using ABAQUS,167

ANSYS,165,168 or LAMPS.168 Then various physical processes
involving energy transfer take place, such as the absorption

and dispersion of laser light, melting, heat transfer, fluid flow
within molten pools, chemical reactions, and evaporation. The
particles in the powder bed absorb the laser energy, initiating
melting as the temperature reaches the material’s melting
point.152

4.3 Multiscale physical modeling

AM methods, for instance, SLA, are critical processes that
require multiscale physical modeling due to the complexity of
the entire procedure.169,170 SLA starts with the addition of
fibers to the polymer resin, which increases the intricacy of
the required physical processes. Moreover, heat transfer, mate-
rial solidification, and chemical reactions in the matrix mate-
rial are usually the foundations of the microscale mathematical
model used to simulate SLA printing. When exposed to a light
source, the liquid polymers begin to solidify, and the solidifica-
tion rate is determined by both monomer concentration and
light intensity. The polymerization process is an exothermic
reaction that generates heat. Therefore, liquid polymers experi-
ence thermal stress throughout this solidification process.
Thus, appropriate boundary conditions are imposed at the
mesoscale, thereby emphasizing the identification of the effects
of lighting conditions and layer thickness on polymerization
process parameters to perform multiscale physical
modeling.152 A graphical illustration of the multi-scale struc-
ture utilized in SLA printing is depicted in Fig. 14.

4.4 Impact of simulation results in CAM

Simulation results can be used to analyze, modify, and optimize
the cellular structures, fatigue properties, energy density
effects, and so on of materials manufactured using the CAM
technique. The voids produced during the fabrication process
are commonly referred to as porosity, a prevalent issue in AM,
as they can reduce the mechanical properties of the final
products. The porosity percentage increases during CAM when
reinforcement particles are printed into the polymer matrix,

Fig. 14 A graphical representation of the multi-scale framework. Adapted from ref. 170 (open access).

Fig. 13 Model geometry developed in SolidWorks for powder bed AM
using a moving laser source. Adapted from ref. 165 (reused with permis-
sion, license number 5827071444018).
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due to the size, shape, and spatial distribution of the printing
part. Researchers in recent years have used simulation techni-
ques to study the impact of porosity on the mechanical proper-
ties of composites and to reduce its occurrence, since
an increase in porosity decreases the composite’s tensile
modulus.158,159 Moreover, cellular structures of the objects
made with CAM can be customized and modified using simula-
tion techniques.169 Porous architectures featuring repeating
unit cells and lightweight structures capable of absorbing
energy can be manufactured using AM techniques. Alarifi171

replicated the mechanical properties of carbon fiber-reinforced
polyethylene terephthalate glycol (PETG) into their specimens
with three different types of unit cells (i.e., re-entrant, hexago-
nal, and circular) using FDM (Fig. 15). It was observed that the
changes in the cellular structure of materials imply changes in
their mechanical properties. Specimens with re-entrant unit
cells exhibited the highest flexural stress at the breakpoint,
while those with circular unit cells showed maximum compres-
sive and tensile strengths due to the homogeneous stress
distribution and load transfer. Moreover, circular unit cells
reduced stress concentrations and prevented isolated failures
in the composite specimens. Re-entrant unit cells created
multiple load paths, dispersing load and lowering stress con-
centrations under bending conditions.152

In contrast, the study of the fatigue properties of composites
has not received much attention yet.172,173 However, the
mechanical properties of the Kevlar-reinforced polymer matrix
were numerically studied by Pertuz-Comas et al.174 to deter-
mine the fatigue life of composite materials. The study com-
pared numerical simulation data with experimental data, with a
difference of only 2.5%. Nonetheless, the greater portion of the
simulated cycles showed that the simulation result has a
propensity to overestimate failure cycles,152 as shown in
Fig. 16a. Laser energy is another commonly used technique
in AM methods, such as SLS and SLM, to sinter or melt powder,
with reinforcing particles affecting the sintering process.

Higher energy density creates a greater temperature gradient,
increasing fluid flow, reducing fluid density, and ultimately
influencing particle dispersion.168 Moreover, the increase in
laser power is responsible for the increase in the molten pool
temperature, though the temperature distribution varies across
the matrix and reinforcement materials.175 Gan et al.165 simu-
lated the SLM of the Cu–SnTi/diamond composite, showing
that Cu–Sn–Ti alloy particles reach 1500 1C with increasing
power or energy density, as shown in Fig. 16b. Conversely, the
temperature of diamond particles initially rises and then drops
below 1000 1C. The lower thermal conductivity of Cu–Sn–Ti
alloys compared to diamond causes significant heat accumula-
tion in the powder bed, leading to ineffective heat transport
within the material structure.

5. Machine learning techniques

Machine learning (ML) techniques are increasingly being used in
AM systems for various purposes such as material design,176,177

topology optimization,30,178 parameter optimization,179,180 pro-
cess optimization,176 field monitoring,181 defect monitoring,176

and anomaly detection30 due to the advancements in data science
and storage technologies.53 During AM processes, the machine’s
embedded sensor collects data of various dimensions (i.e., 1D, 2D,
and 3D), while cameras can capture close-up images.182 The
collected data during such manufacturing processes can later be
used for dataset training using various algorithms176 (i.e.,
supervised, unsupervised, and reinforcement learning) and
further analysis using artificial intelligence (AI) methods53

such as machine learning (e.g., artificial neural network, convolu-
tional neural network, recurrent neural network, and so on)
and deep learning techniques.183 Studies have shown that ML
techniques can be used to characterize, assess quality, and
optimize the overall CAM process for additive-manufactured
composites.53,115,180,184 Some emerging ML techniques are briefly

Fig. 15 Cellular structure of carbon fiber-reinforced PETG with (a) re-entrant design, (b) circle design, and (c) hexagonal design. Adapted from ref. 171
(open access).
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described in this section, and the potential applications of ML in
composite AM are shown in Fig. 17.

To make ML actionable (not merely predictive) in CAM, it
should be embedded in an end-to-end workflow that connects
(i) data acquisition (design/material/process descriptors plus
in situ and ex situ measurements), (ii) model development
(surrogate or deep models for process–structure–property and
defect prediction with uncertainty quantification), and (iii)
optimization and decision-making (process-parameter tuning,
toolpath planning, and closed-loop control actions). A ML-
integrated CAM workflow is illustrated in Fig. 18. The recent
AM literature increasingly frames this as a digital-thread/
digital-twin paradigm: physics- or data-informed surrogates
are continuously updated from monitoring data, while

Bayesian optimization and related strategies propose para-
meter trajectories that improve target properties under manu-
facturing constraints. This iterative workflow, progressing from
data to modeling, optimization, and verification, is particularly
important in CAM because fiber orientation, porosity, and
interlayer bonding are strongly coupled and can shift with
minor changes in thermal history, rheology, and path
scheduling.10,185,186

However, a primary barrier to ML deployment in CAM is the
limited availability of high-quality labeled datasets linking
process signatures to composite-specific outcomes (e.g., poros-
ity distributions, interlayer bonding metrics, fiber orient-
ation fields, and anisotropic mechanical properties). Many
‘‘labels’’ require destructive testing or high-cost metrology

Fig. 17 ML at different stages of CAM. Adapted from ref. 11 (open access).

Fig. 16 (a) Stress-life curve for experimental and simulation data. Adapted from ref. 174 (open access). (b) Graphical representation of powder bed’s
temperature vs. power. Adapted from ref. 165 (reused with permission, license number 5827071444018).

Review Materials Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 1
1:

23
:5

2 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ma00219f


© 2026 The Author(s). Published by the Royal Society of Chemistry Mater. Adv.

(e.g., micro-CT, microscopy, ultrasonic C-scan, or standardized
mechanical test specimens), which restricts dataset size and
diversity and can reduce model generalization across
machines, materials, and geometries. Consequently, the recent
AM literature increasingly emphasizes data-efficient learning
strategies such as semi-supervised learning, weak/active label-
ing, and anomaly detection, enabling models to exploit abun-
dant in-process unlabeled images/signals while minimizing
manual annotation. For example, semi-supervised deep learn-
ing has been shown to reduce labeling requirements while
maintaining high defect-detection performance on powder-bed
datasets, illustrating a practical pathway for AM quality inspec-
tion when labels are scarce.187 Integrated sensing should be co-
registered with machine states (position, speed, extrusion/laser
power, layer number, and toolpath ID) and synchronized across
sensors (thermal/visible/coaxial vision, pyrometry, acoustic emis-
sion, vibration/force/torque, and electrical signals), because many
defects are only detectable when signals are interpreted in the
context of where and when they occur along the toolpath.
Reviews188,189 of in situ monitoring noted that building reliable
monitoring systems requires careful calibration, timing align-
ment, and robust feature extraction/data fusion, and highlighted
standardization and interoperability as recurring gaps, especially
when transitioning from lab demonstrations to industrial plat-
forms. Real-time ML should meet latency constraints from sen-
sing through inference, decision-making, and actuation, and
define a decision policy (e.g., early warning, parameter adjust-
ment, local repair, or stop-build). The laser AM monitoring/
control literature189,190 frames this as moving from ‘‘detect-only’’
to adaptive quality enhancement, where multi-sensor monitoring
and ML models support in-process remediation strategies rather
than post-build rejection. Recent work191 also demonstrated that
data-driven approaches for closed-loop tuning (e.g., Bayesian
optimization for in situ controller autotuning in LPBF) can be
used to execute monitoring, modeling, optimization, and control
during the build rather than offline.

Because CAM datasets are costly to label and highly sensitive
to feedstock batch, toolpath, machine state, and thermal his-
tory, dataset generation should be planned using design-of-
experiments (DoE) principles rather than assembled solely
from convenience trials. Full factorial designs are useful when

the number of factors is limited and key interactions, such as
layer thickness � raster angle, nozzle temperature � print
speed, or laser power � scan speed, must be estimated directly.
When many variables must be screened, fractional factorial or
Taguchi-style orthogonal-array designs can reduce the required
build count; however, the aliasing or confounding structure
should be reported so that unresolved effects are not incorrectly
interpreted as material trends.192 Randomization, replication,
and blocking by machine, feedstock batch, build plate position,
or production day should also be considered to separate true
process–material relationships from experimental noise.

After influential variables have been identified, response-
surface designs are appropriate for local process-window mod-
eling. Central composite designs support second-order models
and include axial points for curvature estimation, whereas Box–
Behnken designs use three-level factor combinations that avoid
simultaneous extreme settings, which can be useful when
extreme parameter combinations lead to failed builds or unsafe
thermal conditions.193,194 For ML-enabled CAM, DoE can be
combined with adaptive sampling: an initial factorial or
fractional-factorial stage screens dominant process and material
variables, a central composite or Box–Behnken stage refines non-
linear process–response relationships, and a final active-learning
or Bayesian-optimization stage selects new experiments in
regions of high prediction uncertainty or high expected
improvement.192–196 This hybrid DoE–ML strategy improves data
efficiency, preserves interpretability of main effects and interac-
tions, and supports more defensible training, validation, and test
partitions, particularly when holdout sets are structured by
machine, feedstock batch, geometry, or toolpath. AM composite
studies combining response-surface or Taguchi-style experimental
plans with ANN and other ML models demonstrate the practical
value of structured experimental design for property prediction
and parameter optimization, although broader validation across
machines, feedstock batches, geometries, and loading conditions
remains necessary.195,196

5.1 Artificial neural network

An artificial neural network (ANN) is one of the most frequently
used ML techniques55 that can identify intricate relationships
among nonlinear variables (i.e., process parameters of AM)

Fig. 18 ML-integrated CAM workflow progressing from data to modeling, optimization, and closed-loop control for CAM.
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without relying on a physical model or domain-specific exper-
tise. This characteristic constitutes ANN a significant advantage
over conventional methodologies (i.e., experimental methods).
A recent study183 showed that ANNs can predict the
dynamic strength of additive-manufactured composites (e.g.,
polypropylene-based composites) with high accuracy by com-
paring their predictions with experimental data. The dynamic
strength was predicted (see Fig. 19) using an input data set of
three process parameters (i.e., material type, printing tempera-
ture, and each layer thickness) measured at the initial point of
CAM. The study showed that any required properties of
additive-manufactured composites can be achieved by chan-
ging the aforementioned parameters, which can change the
way CAM is performed to date. Beyond property prediction,
ANNs are increasingly used as surrogate models to optimize
print parameters when experiments are sparse or expensive.
Deka and Hall197 proposed a five-step framework that uses an
ANN to enhance limited/non-systematic experimental datasets,
builds response-surface models, and then performs optimiza-
tion (including genetic-algorithm-based searches) to identify
process settings that simultaneously maximize multiple
mechanical properties in FDM. This workflow is especially
relevant to CAM because the ‘‘best’’ parameter set is typically
multi-objective, balancing stiffness/strength against porosity

suppression, interlayer welding quality, and reinforcement-
induced rheology constraints. Practically, ANN-driven optimi-
zation can be formulated to target composite-critical outputs
(e.g., void fraction, inter-bead bonding strength, and fiber
alignment proxies) as constraints or penalty terms, enabling
process windows that are robust to feedstock variability and
reinforcement dispersion challenges.

Marko et al.184 predicted the quality and defects of the
manufactured object using the process-monitoring signal from
the AM machine via an ANN model. Mahmood et al.55 sum-
marized that an ANN can be used for various applications in
CAM, such as design and process planning, feature recommen-
dation, microstructure optimization, geometric orientation,
and stress prediction. In recent years, researchers have com-
pared the precision and efficiency of ANN models with other
predictive models (Fig. 20), such as k-nearest neighbors (KNN),
extreme gradient boosting (XGB), random forest (RF), support
vector regression (SVR), and decision tree (DT), and found that
the prediction error for ANN was below 4%. Furthermore, the
ANN was the most efficient among the six models.183 Recent
work has also demonstrated that self-learning ANN models,
particularly when integrated with simulation-based datasets,
can autonomously refine predictions over time. These models
evaluate composite performance using feedback from virtual

Fig. 19 Architecture of the ANN model used to determine additive-manufactured composites’ dynamic strength, adapted from ref. 183 (open access).

Fig. 20 Comparison of (a) accuracy and (b) efficiency of various ML models, adapted from ref. 183 (open access).
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tests (e.g., finite element simulations) and adjust internal
weights to eliminate suboptimal design paths. This continuous
learning loop significantly enhances prediction accuracy in
dynamic manufacturing environments.34

5.2 Convolutional neural network

A convolutional neural network (CNN) is a widely used ML
technique that operates via convolutional layers composed of
functional numerical filters. Each filter in such a network is
updated using input from the previous layer, generates values,
and feeds them to the next layer. These connected convolutions
make the model highly efficient in terms of computational
power compared to other ML models.198 CNNs can be used to
design composites,34 optimize their structures,198 and predict
their properties.199 Although CNNs are primarily used for
prediction in image processing,200,201 a paradigm shift has
occurred in recent years, as models can now predict acousti-
cally with high efficiency202 by suppressing environmental
noise.203 Furthermore, CNNs can make real-time predictions
with 92.7% accuracy,204 with great potential for the CAM
industry.29 CNNs have matured into practical porosity-
detection engines for powder-bed fusion, where defect for-
mation is strongly tied to local thermal history and melt-pool
stability. In laser powder bed fusion (LPBF), Klein et al.205

trained a CNN on in-process melt-pool monitoring data and
labeled the ground truth using X-ray microCT, enabling auto-
mated discrimination between porous and non-porous regions;
interpretability was enhanced using Grad-CAM to localize
image evidence associated with porosity. Complementarily,
Ansari et al.206 demonstrated CNN-based classification of

seeded pores in powder-bed fusion imagery, showing that
careful labeling (CAD- vs. X-ray microCT-assisted) and dataset
balancing can substantially improve precision/recall and
enable detection of small pores (down to B0.2 mm), thereby
supporting a data-driven closed-loop framework for monitor-
ing, porosity inference, and intervention in AM quality assur-
ance. For CAM, the same CNN can be extended to composite-
relevant defect signatures (e.g., lack-of-fusion voids,
reinforcement-rich clustering, or inter-bead void networks in
short-fiber systems) by pairing in situ imagery/thermography/
acoustics with post-build CT or microscopy labels, thereby
converting porosity from a post-mortem metric into a control-
lable process variable. Beyond image-based monitoring, CNNs
have also been applied to acoustic sensing in CAM. Shevchik
et al.203 monitored the additive-manufactured composites’
quality and performed further analysis through CNNs. The
sound emitted during CAM was captured by a sensor and fed
as the received data to a CNN model that predicted the quality
of printed composite layers (Fig. 21). CNNs have also been
employed in self-optimizing frameworks, where the network
iteratively selects and retains high-performing composite geo-
metries from a pool of candidates. By using performance feed-
back from simulation or experimental data, CNNs can evolve
better microstructural designs through successive generations.
This approach is particularly useful in designing bioinspired,
hierarchical composites with tailored mechanical responses.34

5.3 Reinforcement learning

Reinforcement learning (RL) provides a natural framework
for toolpath/scan-strategy planning because deposition and

Fig. 21 Illustration of CAM quality monitoring and analysis using CNNs. Adapted from ref. 203 (reused with permission, license number
5827080424221).
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scanning are sequential decision processes with delayed con-
sequences (thermal accumulation, distortion, bonding quality,
and defect risk). Fig. 22 illustrates a deep reinforcement learn-
ing (DRL)-based scan-path optimization framework for polygo-
nal regions, showing improved thermal uniformity and melt-
pool stability compared with conventional zigzag and alternat-
ing traversal generation (ATG) strategies. Recent work by Qin
et al.207 developed a deep-RL-based toolpath generation strat-
egy for LPBF to promote thermal uniformity and avoid extreme
heat accumulation by designing reward functions that penalize
unstable thermal states while enforcing feasible movement
constraints; the approach is positioned as a route to reduce
residual-stress-driven distortion compared with conventional
scan patterns. Earlier RL toolpath concepts have also been
explored for AM path design (e.g., deep RL for deposition-
path decisions) and as a foundation for ‘‘intelligent toolpaths’’
that adapt based on process feedback.208,209 In CAM, RL is
especially promising for continuous-fiber and short-fiber extru-
sion toolpaths, where action choices (raster direction, steering
curvature, dwell time, and local compaction/heating moves)
can be optimized against rewards defined by predicted fiber
orientation quality, bead-to-bead bonding, porosity risk, and
geometric deviation, enabling genuinely autonomous process
planning rather than static, heuristic toolpath rules.

5.4 Recurrent neural network

A recurrent neural network (RNN) is a predictive model pri-
marily employed for time-series sequential data26,30,176,210

when researchers must rely on historical data.211 The model
predicts future outputs by evaluating past information210

through its feedback connection system.212 An RNN processes
the input data at each neuron using its memory state to predict
the required output.213 Different types of path-dependent
mechanical behavior of materials (e.g., cracking,214 plastic
flow,215 and so on) have been predicted in recent years by using
RNNs.210 The model can efficiently predict the complex beha-
vior of materials that change with time211 and other conditions.
Moreover, RNNs can process datasets of any length, as the
model’s size does not expand during computation, which
enables the predictive model to learn quickly despite data
variation216 and dynamics in the study system.212 In recent
years, Yanamandra et al.26 predicted fiber orientation in
additive-manufactured composites using an RNN. Sun
et al.210 demonstrated the process to manufacture 4D compo-
sites using CAM (Fig. 23). Furthermore, they predicted the
nonlinear deformation or shape-change under thermal condi-
tions using RNNs (Fig. 24). Beyond time-dependent predic-
tions, RNNs can be trained to recognize patterns in evolving
structural datasets and suggest process parameter changes in
real time. When used in conjunction with reinforcement learn-
ing principles, RNN-based systems can adaptively control CAM
parameters (e.g., laser speed and feed rate) to optimize the final
composite structure during fabrication.34 Zha et al.217 applied
an RNN-inspired framework using an attention-based CNN to
predict stress-aligned toolpaths in continuous fiber compo-
sites. By replacing FEA with learned sequential predictions,

Fig. 22 Numerical modeling of three representative scan-strategy approaches applied to a polygonal build region. (a) Workflow of scan-path
optimization using a DRL framework, including the evolution of the training reward over learning episodes, (b) side-by-side comparison of conventional
zigzag scanning, ATG, and the DRL-optimized strategy, illustrating the resulting scan trajectories and corresponding simulated thermal distributions, and
(c) temporal evolution of melt-pool penetration depth during the simulated build, where dashed lines denote mean values and inverted triangle markers
indicate maximum excursions, adapted from ref. 207, (reused with permission, license number 6212380932298).
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the method reduced computation time by 87% while maintain-
ing accuracy within 101, demonstrating the efficiency of tem-
poral learning in AM process planning.

5.5 Other ML techniques

Some other recently used ML techniques for CAM include
XGBoost,115 decision trees (DTs), k-nearest neighbors (KNNs),

Fig. 24 (a) Architecture of RNNs and (b) used model of RNNs to predict additive manufactured composite beams’ nonlinear deformation. Adapted from
ref. 210 (reused with permission, license number 5827080677155).

Fig. 23 4D printed composite beam designing proposal using CAM that shows (a) composite design with different inherent properties and (b) from
design to composite manufacturing using ML. Adapted from ref. 210 (reused with permission, license number 5827080677155).

Materials Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 1
1:

23
:5

2 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ma00219f


Mater. Adv. © 2026 The Author(s). Published by the Royal Society of Chemistry

random forests (RFs), support vector regression (SVR), and
XGB.183 The XGBoost predictive model showed that the
mechanical properties of manufactured composites are influ-
enced by process parameters during DED.115 The other models,
such as XGB, RF, and DT, can also be used to predict the
important features of CAM (Fig. 25) that can improve the
quality of composites, process parameters, and CAM perfor-
mance. Recently, generative adversarial networks (GANs) and
variational autoencoders (VAEs) have emerged as promising
tools for composite design. These models learn from existing
CAM datasets to generate entirely new material configurations
with enhanced mechanical performance or customized struc-
tural attributes. Such generative models not only reduce reli-
ance on heuristic methods but also accelerate the discovery of
previously unexplored design solutions.34 Moreover, ongoing
advances have demonstrated the efficacy of ensemble learning
techniques for refining post-processing outcomes in AM. Kia-
darbandsari et al.218 employed a stacked ensemble model to
accurately predict improvements in surface roughness of SLA-
printed dental components subjected to chemo-mechanical
finishing.

By combining multiple base learners and optimizing model
parameters through Bayesian techniques, the approach
achieved a test R2 of 0.96, surpassing the performance of
standalone models. Although computational demand
increased, the enhanced accuracy in predicting post-process
quality metrics supports the growing adoption of ensemble
strategies in AM surface engineering. Mahapatra et al.219

applied ML to predict tensile properties of 3D-printed lattice
composites using features such as cell geometry, material type,
and relative density. The model achieved accurate forecasts
with minimal experimental input, emphasizing the value of
data-driven methods in optimizing lightweight AM designs.
Tian et al.220 developed an ML approach using extended sup-
port vector regression (X-SVR) to assess the influence of geo-
metric inaccuracies on the structural stability of 3D-printed
lattice-core sandwich composites. By modeling imperfections

such as node displacement and surface waviness, the method
achieved accurate predictions with significantly reduced com-
putational effort compared to conventional Monte Carlo simu-
lations. Chang et al.221 used XGBoost with an evolutionary
algorithm to predict magnetic properties in SLM-fabricated
soft magnetic composites. By mapping key inputs (e.g., oxygen
concentration, laser power, and scan speed) to outputs (e.g.,
permeability and iron loss), the model enabled rapid, accurate
parameter selection, outperforming traditional trial-and-error
approaches.

5.6 Problem-specific model selection and trustworthy ML in
CAM

The selection of an ML model for CAM should be governed by
the manufacturing objective, data modality, data volume, phy-
sical constraints, and required decision output, rather than by a
generic preference for a particular algorithm. For tabular
descriptors, including feedstock composition, fiber volume
fraction, raster angle, layer thickness, nozzle or laser settings,
and post-processing conditions, ANN, RF, XGBoost, SVR, and
GPR models are widely used for process–structure–property
prediction and process optimization.11,31,179,183 Image-based
data from melt-pool monitoring, layerwise inspection, thermal
imaging, microscopy, and X-ray microCT are commonly
addressed using CNNs, vision transformers, or encoder–deco-
der segmentation models for porosity detection, lack-of-fusion
identification, reinforcement clustering, and surface-anomaly
analysis.187,205,206 Sequential and path-dependent signals,
including toolpath history, acoustic emission, thermal his-
tories, and layer-by-layer process signatures, are better modeled
using temporal CNNs, recurrent models, transformers, state-
space models, or hybrid architectures because defect for-
mation, fiber orientation, residual stress, and interlayer bond-
ing evolve cumulatively during the build.26,203,206,210 For scan-
path or toolpath planning, reinforcement learning and model-
predictive control approaches may be appropriate, as each
manufacturing action modifies the subsequent thermal, geo-
metric, and reinforcement states.207,217 Table 5 summarizes
problem-specific ML approaches for CAM by linking manufac-
turing objectives, data modalities, decision requirements, and
suitable model families.

Beyond selecting models according to data modality and
decision task, ML-enabled CAM also requires careful valida-
tion, uncertainty quantification, physics consistency, and trans-
parent reporting to ensure that predictions are trustworthy
across machines, materials, and build conditions. The main
limitation for ML-enabled CAM is the scarcity of high-quality
labeled datasets. Labels for porosity, fiber orientation, inter-
facial bonding, residual stress, and anisotropic mechanical
properties often require destructive testing or high-cost char-
acterization, including X-ray microCT, microscopy, ultrasonic
inspection, and standardized tensile, flexural, fatigue, or inter-
laminar tests.187–189 CAM datasets are also highly heteroge-
neous, combining scalar process parameters, 2D images,
3D defect fields, toolpath histories, thermal signals, acoustic
signatures, and post-build mechanical measurements.

Fig. 25 Process parameters importance predicted by XGB, RF, and DT.
Adapted from ref. 183 (open access).

Review Materials Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 1
1:

23
:5

2 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ma00219f


© 2026 The Author(s). Published by the Royal Society of Chemistry Mater. Adv.

Table 5 Problem-specific ML approaches for composite additive manufacturing, including data-scarce, physics-informed, uncertainty-aware, and
certification-oriented applications

CAM problem/decision
task Recommended ML approaches Rationale Ref.

Process–structure–
property prediction

ANN, RF, XGBoost, SVR, GPR, Bayesian
models, physics-guided surrogate
models

Suitable for mapping feedstock composition, fiber
volume fraction, raster angle, layer thickness,
toolpath, thermal history, nozzle or laser settings,
and post-processing conditions to porosity, micro-
structure, stiffness, strength, and dynamic
response. GPR and Bayesian models are especially
useful when datasets are small and predictive
uncertainty is required

11, 31, 179,
183, 219, 222
and 223

Porosity, lack of fusion,
voids, and reinforce-
ment clustering

CNN, U-Net/encoder–decoder segmenta-
tion, vision transformers, semi-
supervised learning, anomaly detection,
spatial GPR

Defects and reinforcement heterogeneity are spa-
tially localized and are commonly detected from
layer images, thermal maps, melt-pool images,
X-ray microCT, microscopy, or optical inspection.
Semi-supervised and anomaly-detection methods
reduce labeling burden, while spatial GPR can
support uncertainty-aware defect-field interpola-
tion in small datasets

179, 187, 205,
206 and 222

In situ monitoring and
defect precursor
detection

CNN, temporal CNN, RNN/LSTM/GRU,
transformers, state-space models, multi-
modal fusion, online anomaly detection

Thermal, acoustic, optical, vibration, and process-
signal streams are time-dependent and should be
integrated with toolpath position, layer number,
and local thermal history. Temporal and multi-
modal models are therefore more appropriate than
static classifiers alone

181, 182, 188,
189 and 203

Process optimization
and closed-loop control

GPR surrogate models, Bayesian optimi-
zation, active learning, constrained or
multi-objective optimization, model-
predictive control, reinforcement
learning

GPR and Bayesian optimization reduce experi-
mental cost in small-data regimes. Active learning
identifies the most informative experiments, while
reinforcement learning or model-predictive learn-
ing is useful for sequential scan-path, toolpath, or
control decisions that influence later thermal,
geometric, and defect states

180, 185, 191,
207 and 224

Fiber orientation pre-
diction and continuous-
fiber path planning

RNN/LSTM, temporal CNN, CNN-based
field prediction, graph neural networks,
geometric/path-planning models, rein-
forcement learning

Fiber orientation depends on toolpath, shear his-
tory, deposition sequence, curvature, compaction,
and local stress fields. Sequential, field-based, and
graph-based models can connect path planning to
reinforcement alignment and load-bearing
trajectories

26, 210 and
217

Interfacial bonding and
interlayer adhesion

RF, XGBoost, SVR, ANN, GPR, physics-
guided ML, physics-informed surrogate
models

Bond quality depends on temperature, pressure,
residence time, diffusion or wetting, surface state,
fiber-rich interfaces, and local thermal history.
Physics-guided descriptors can reduce nonphysical
extrapolation outside the tested processing window

180 and 223

Residual stress, distor-
tion, and thermal
history

Physics-informed surrogate models,
PINNs, thermomechanical field surro-
gates, RNN/LSTM, graph-based field
models

Thermal conduction, heat accumulation, scan
order, cooling rate, material anisotropy, and ther-
moelastic constraints govern distortion and resi-
dual stress. PINNs (physics-informed neural
networks) are most appropriate when reliable gov-
erning equations, boundary conditions, and ther-
mal constraints are available

207, 223 and
225

Mechanical perfor-
mance, fatigue, and
lattice or sandwich
response

ANN, RF, XGBoost, SVR, GPR, BNN, MC
dropout, deep ensembles, graph neural
networks, reliability-aware models

Nonlinear interactions among material composi-
tion, geometry, layer thickness, raster angle,
defects, fiber architecture, and interfacial quality
govern mechanical response. Bayesian models, MC
dropout, and ensembles provide uncertainty esti-
mates, while graph-based models are useful for
lattice, sandwich, or topology-dependent structures

183, 219, 220
and 226–230

Data-scarce and cross-
domain CAM learning

Transfer learning, domain adaptation,
self-supervised learning, semi-supervised
learning, simulation-pretrained models

CAM datasets are often small, expensive, machine-
specific, and difficult to label. Transfer learning
and domain adaptation can reduce data require-
ments when source and target domains share
relevant physical similarity, while self-supervised
and simulation-pretrained models can exploit
unlabeled or synthetic data

224 and 231–
233

Certification, reliability,
and trustworthy ML

Calibrated GPR, BNN, MC dropout, deep
ensembles, conformal prediction, OOD
detection, XAI

Certification-oriented CAM requires more than
point accuracy. Models should provide calibrated
uncertainty, detect out-of-distribution process
conditions, and offer physically interpretable
explanations linking predictions to process, mate-
rial, sensor, or microstructural descriptors

229, 230 and
234–237
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Reproducibility and transferability are further limited when
publications omit essential metadata, such as fiber length
distribution, sizing chemistry, fiber volume fraction, rheologi-
cal state, drying history, chamber temperature, humidity, tool-
path identifier, sensor calibration, spatial registration, and
post-processing conditions. Consequently, ML studies in CAM
should report not only the dataset and model architecture but
also the domain of validity, including machine type, feedstock
batch, geometry class, sensor configuration, train–test split
strategy, external validation procedure, and out-of-distribution
checks.10,189,238

Transfer learning, domain adaptation, and self-supervised
learning are promising routes to mitigate data scarcity in CAM.
A model trained on a source task, such as defect detection in a
related polymer, composite, or metal AM process, can be
adapted to a target CAM task using a limited number of target
labels. This approach is most defensible when the source and
target domains share relevant physical similarity, including
comparable thermal histories, bead geometry, reinforcement
morphology, interlayer bonding mechanisms, or imaging con-
ditions. However, transfer learning should be treated as a
domain-adaptation problem rather than a simple model-reuse
strategy, because negative transfer can occur when the source
data encodes processes inconsistent with the target machine,
material, geometry, or sensor configuration. Practical imple-
mentation should therefore include source–target similarity
assessment, frozen or partially fine-tuned feature extractors,
few-shot target calibration, and independent validation on a
separate CAM build.224

Synthetic and simulation-derived data can further reduce
the experimental burden, but they should complement rather
than replace experimental evidence. Depending on the CAM
process, finite-element simulations, computational homogeni-
zation, voxel-based mesostructure models, cure- or heat-
transfer simulations, extrusion-flow models, fiber-orientation
predictions, and melt-pool simulations can generate controlled
examples of orientation fields, void morphology, thermal gra-
dients, residual stresses, and interfacial damage states that are
difficult to sample experimentally. Such data are valuable for
pretraining, sensitivity analysis, active-learning acquisition,
and rare-defect augmentation, but they should be accompanied
by domain randomization, mesh and discretization checks,
uncertainty estimates, and validation against independent
builds. A defensible workflow is to train surrogate or deep
models first on simulation-derived data, update or fine-tune
them using a small number of experimentally measured CAM
cases, and then reserve at least one feedstock batch, geometry,
and machine condition for external validation.34,222–225

Physics-informed and physics-guided ML are needed
because purely data-driven models can learn correlations that
do not remain valid outside the tested process window. In
CAM, physical knowledge can be introduced through engi-
neered features, constrained architectures, simulation-
informed priors, hybrid surrogate models, or loss-function
penalties. Relevant constraints include heat conduction and
cooling rate for thermal history, mass conservation and melt-

pool continuity for fusion-based processes, rheology and shear-
induced alignment for extrusion, cure kinetics for photopoly-
merization, rule-of-mixtures and micromechanics relations for
stiffness prediction, orientation tensors for fiber architecture,
wetting and diffusion descriptors for interfacial bonding, and
thermoelastic balance for residual stress. These constraints are
especially important when labels are sparse, process para-
meters interact nonlinearly, or models are expected to general-
ize across feedstock batches, machine platforms, and build
geometries.223,225

Uncertainty quantification should be treated as a required
component of ML-enabled CAM rather than an optional post-
processing step. CAM contains aleatoric uncertainty arising
from process noise, feedstock variability, sensor noise, and
stochastic defect nucleation, as well as epistemic uncertainty
arising from limited data, distribution shift, and model-form
error.222 GPR models are appropriate for small tabular datasets
and Bayesian optimization because they provide both mean
predictions and uncertainty estimates.179,185,191 Bayesian
neural networks can represent uncertainty in model weights
and are relevant for nonlinear process–structure–property pre-
diction when safety margins must be quantified.228 Monte
Carlo dropout provides a computationally convenient approxi-
mation for uncertainty estimation in deep networks used for
image- or sequence-based monitoring,229 whereas deep ensem-
bles are useful when practical uncertainty estimates are
required without fully Bayesian training.230 These methods
should be assessed using calibration metrics, coverage prob-
ability, reliability diagrams, and out-of-distribution tests. In
CAM, calibrated uncertainty estimates can support conservative
parameter selection, active learning, targeted inspection, build
interruption, or local repair when uncertainty exceeds an
acceptable threshold.191,222

For certification-oriented CAM, explainable artificial intelli-
gence is as important as numerical accuracy. A high-area-
under-curve defect classifier or low-error property predictor is
not sufficient when the model cannot identify which process,
sensor, or material descriptors drove the decision. In safety-
critical settings, black-box predictions should be accompanied
by physically interpretable evidence, such as feature attribu-
tions showing sensitivity to energy input, chamber tempera-
ture, layer time, raster angle, fiber volume fraction, local
curvature, melt-pool dimensions, or acoustic-emission
features; saliency or localization maps tied to X-ray microCT-
verified pores or lack-of-fusion regions; and counterfactual
tests showing how process changes would reduce defect prob-
ability or improve anisotropic properties. Interpretability
should also be evaluated for stability and physical consistency
across machines and feedstock batches. When post hoc expla-
nations are used, they should be treated as diagnostic aids,
whereas qualification claims should preferentially rely on inter-
pretable models, physics-constrained surrogates, uncertainty-
calibrated predictions, and traceable decision rules.239,240

Because ML-enabled CAM models are often trained on small,
heterogeneous, and process-specific datasets, model accuracy
alone is insufficient for judging reliability. Table 6 summarizes
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the validation, uncertainty, physics-consistency, explainability,
and reproducibility requirements.

ML predictions in CAM should be interpreted within the
process–structure–property chain rather than as direct correla-
tions between processing parameters and final part perfor-
mance. Therefore, target variables should extend beyond
ultimate tensile strength, modulus, or binary defect labels. More
informative labels include fiber-orientation tensors, fiber length
distributions, void-network descriptors, reinforcement-rich clus-
ters, interphase thickness, interfacial strength, crystallinity,
degree of cure, residual strain, and layer-wise thermal history.
These mechanism-aware descriptors are essential because printed
composites exhibit direction-dependent, spatially heterogeneous,
and path-dependent behavior. Future ML-CAM studies should
therefore prioritize physically meaningful, spatially resolved labels
over purely empirical performance metrics.

6. Applications of additive-
manufactured composites
6.1 Application drivers for fiber-orientation control and
anisotropic performance in CAM

In many safety- and stiffness-critical CAM applications, perfor-
mance is more strongly influenced by orientation-driven

anisotropy (fiber trajectory, continuity, and interlayer bonding)
than by bulk material properties, making fiber-orientation
control and verification a primary design requirement. For
example, in aerospace and UAV structures, the principal advan-
tage of CAM is the ability to steer continuous fibers along load
paths to maximize specific stiffness/specific strength, while
keeping mass low and enabling integrated geometries that
are difficult to achieve with conventional laminate layups. A
representative demonstration is the meter-scale continuous
carbon-fiber-reinforced wing spar produced by material-
extrusion-based printing, where the combination of topology
optimization and fiber-reinforced deposition targets light-
weight, stiffness-critical performance typical of flight struc-
tures. Such components are susceptible to orientation-driven
anisotropy: small deviations in fiber trajectory or local discon-
tinuities can shift load transfer to weaker matrix-dominated
directions, making orientation control and verification essen-
tial for certification-relevant properties.241,242 Rehabilitation
devices (e.g., prosthetic sockets and orthoses) require custom
geometry yet should sustain long-term, directionally biased
loads; therefore, fiber placement strategies that align reinforce-
ment with expected stress paths are critical. A recent
continuous-fiber reinforced transfemoral prosthetic socket
study243 explicitly links path planning to mechanical perfor-
mance by generating fiber trajectories that better match the

Table 6 Validation, uncertainty, and reporting requirements for trustworthy ML-enabled CAM studiesa

Requirement What should be reported Why it matters for CAM

Dataset description Machine type, feedstock batch, fiber type, fiber length
distribution, fiber volume fraction, matrix type, geo-
metry class, build orientation, raster angle, layer
thickness, nozzle or laser settings, chamber tempera-
ture, humidity, and post-processing conditions

CAM datasets are highly process- and material-specific.
Without detailed metadata, results cannot be repro-
duced or transferred across machines, materials, or
geometries

Label definition Whether labels represent final properties, binary
defects, porosity fraction, fiber-orientation tensor, void
network, interfacial strength, crystallinity, degree of
cure, residual strain, or thermal history

Mechanism-aware labels are more informative than
simple pass/fail labels or final tensile strength alone

Train–test strategy Random split, build-wise split, geometry-wise split,
batch-wise split, machine-wise split, or external vali-
dation split

Random splitting can overestimate model perfor-
mance when specimens from the same build or geo-
metry are included in both the training and test sets

External validation Independent validation using a different build, feed-
stock batch, geometry, machine, sensor setup, or
environmental condition

Demonstrates whether the model generalizes beyond
the narrow training dataset

Out-of-distribution testing Performance under unseen process windows, new
geometries, new feedstocks, sensor drift, or changed
environmental conditions

CAM models can fail when deployed outside the
training domain; OOD (out-of-distribution) checks are
essential for safe use

Uncertainty quantification Prediction intervals, epistemic uncertainty, aleatoric
uncertainty, calibration curves, coverage probability,
reliability diagrams, or conformal prediction sets

Point predictions are insufficient for process qualifi-
cation, defect acceptance, and closed-loop control

Physics consistency Heat-transfer consistency, mass conservation, cure
kinetics, fiber-orientation constraints, micro-
mechanics relations, or thermoelastic constraints

Helps prevent physically implausible predictions and
improves extrapolation outside the tested process
window

Explainability Feature attribution, saliency maps, counterfactual
tests, sensitivity analysis, interpretable surrogate
models, or physically meaningful decision rules

Important for certification, troubleshooting, process
optimization, and trust in safety-critical CAM
applications

Data scarcity strategy Transfer learning, domain adaptation, self-supervised
learning, active learning, simulation pretraining, or
rare-defect augmentation

CAM labels are expensive because they often require X-
ray microCT, microscopy, destructive testing, or long-
term mechanical testing

Reproducibility Code availability, model hyperparameters, preproces-
sing steps, sensor calibration, spatial registration, data
normalization, and evaluation metrics

Enables fair comparison across studies and reduces
irreproducible model claims

a For certification-oriented CAM, model accuracy should be reported together with uncertainty calibration, external validation, OOD behavior, and
physical interpretability. Accuracy alone is insufficient for qualification-relevant decisions.
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service load environment, precisely the kind of anisotropy-
sensitive use case where CAM’s toolpath-level control becomes
a functional requirement rather than an aesthetic choice.
Across stiffness-critical parts (aerospace brackets, robotic arms,
protective shells, and lightweight frames), continuous-fiber
CAM can be viewed as manufacturing a transversely isotropic
material field whose strength/stiffness is maximized when the
fiber direction aligns with the principal stress direction. A
recent work217 on ML-assisted path planning operationalizes
this idea by learning stress fields (via CNN-style models) and
mapping fiber paths accordingly, highlighting that the ‘‘right’’
anisotropy is beneficial only if the reinforcement direction is
controlled and consistently reproduced.

6.2 Application in aerospace

The techniques for fabricating composite materials via AM have
revolutionized the aerospace industry by enabling the produc-
tion of lightweight, multifunctional, complex geometries.244

Aerospace was one of the earliest industries to adopt AM, and
it has been reported that 18.2% of the total AM market is
attributed to the aerospace industry.245 The technology of AM
has the potential to reduce material wastage in the aerospace
industry and reduce the annual expense of fuel by USD 3000 for
every kilogram of saved materials.246,247 Moreover, automated
CAM technology has reduced man-hours by 80% in the aero-
space industry.248 Additively manufactured composite struc-
tures for aerospace applications can meet requirements for
stiffness, stability, and strength under specific loads and
conditions.247 Aerospace structures, such as lattice payload
adapters (Fig. 26a), spacecraft frames (Fig. 26b), and sandwich
structures (Fig. 26c) for aircraft, can be manufactured from
composite materials using AM techniques. The first use of

composite honeycomb sandwich structures in aerospace was
initiated by the United States to develop the Convair B-58
bomber aircraft, which could reach Mach 2.4.245,249 Composite
sandwich structures manufactured via AM technology can also
reduce the complexity of aerospace spare parts production.245

Furthermore, complex aerospace components such as inlet
guide vanes (Fig. 26d) and turbine nozzles (Fig. 26e), as well
as aircraft camera fairings,250 have been fabricated using CAM.

6.3 Application in automotive

The automotive industry is highly competitive, with innovative
design and manufacturing trends occurring regularly. There-
fore, innovation in manufacturing processes is required to
meet the demands of the automobile industry.253,254 The
application of CAM techniques in the automotive industry
can increase production flexibility, reduce product design and
development time, and provide optimized components and
bespoke vehicle products on demand.254–257 Although AM in
the automotive industry started with the production of soft
assembly tools using FDM and SLS,254 it has since expanded to
include a wide range of applications. These applications
include electrical sensors, engine components, suspension
systems, exterior panels, trims, interiors, and seating. In recent
years, the side-view mirror shells of racing cars competing in
NASCAR events in Chicago were fabricated using CAM, demon-
strating the reliability of such techniques even under harsh
conditions (Fig. 27a).244,258 Moreover, the use of CAM is
increasing in vehicle restoration, customization, and redesign.
For instance, the Oak Ridge National Laboratory (ORNL)
fabricated a full-scale replica of the Shelby Cobra for its
50th anniversary. The entire car was manufactured using
Big Area Additive Manufacturing (BAAM) technology, excluding

Fig. 26 Additive manufactured composite structures for aerospace showing (a) lattice payload adapter and (b) spacecraft frame, adapted from ref. 251
(open access), (c) AM of composite honeycomb sandwich structure, adapted from ref. 249 (open access), (d) inlet guide vanes of compressor made of
polyetherimide composite using FDM, and (e) nozzle segments of turbine made of ceramic composite using AM, adapted from ref. 252 (reused with
permission, license number 5827080925988).
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electrical components and the engine. Firstly, a composite
consisting of carbon fiber and ABS plastic was used to fabricate
the chassis. Secondly, other components were separately fabri-
cated and assembled to form the entire body (Fig. 27(b)).
Finally, the entire car was painted (Fig. 27(c)) to replicate
the original model.248,258,259 Moreover, vehicle spare parts

(i.e., inlet ducts, body components, and tools) can also be
reconstructed using CAM, as shown in Fig. 28.258

6.4 Application in soft robotics

At present, multi-material AM techniques can fabricate
complex structures with precision, enabling the production of

Fig. 27 (a) Side view mirror shell of a racing car participating in NASCAR. Adapted from ref. 244 (reused with permission, license number
5827081166703). Full-scale car reconstruction using CAM showing (b) rough bodywork and (c) finished bodywork. Adapted from ref. 258 (open access).

Fig. 28 Spare part reconstruction using CAM showing (a) inlet duct made of carbon fiber, (b) body components of Maserati MV 3200 GTC, and (c)
related tooling, adapted from ref. 258 (open access).
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soft actuators with intricate geometries. Compared to conven-
tional manufacturing methods, AM offers a significantly more
convenient approach to fabricating soft actuators.260 Multi-
material AM is not only suitable for producing components of
soft robots, such as soft actuators, but it also offers significant
advantages in fabricating entire soft robots. Research by Bar-
tlett et al. and Yap et al.261,262 has demonstrated the potential of
additively manufactured soft actuators in robotics. Soft mag-
netic composites (SMCs) are emerging materials that offer
flexibility and magnetic responsiveness, making them ideal
for flexible, untethered robotics.263–265 These materials can be
3D printed into complex forms that integrate structural flex-
ibility with magnetic functionality, enabling novel actuation
and sensing. Their mechanical–magnetic synergy is well-suited
to applications involving 3D-printed magnetic components
under mechanical stress.263 To minimize eddy current losses,
preserving the insulating coating is crucial—binder-jet printing
supports this, while DMLS offers high-density structures suita-
ble for durable soft robotics.264 In recent years, CAM has been
extensively used to fabricate soft robots. For instance, Carrico
et al.266 additively manufactured a soft crawling robot using
ionic polymer–metal composites that could simulate the move-
ment of a biological caterpillar, as shown in Fig. 29. The
researchers successfully created custom-shaped designs cap-
able of performing nonlinear movements through CAM. This
task would have been considerably challenging with conven-
tional manufacturing techniques.266 This issue can be
addressed by altering the printer to incorporate softer materials
into the filament feeding system, selecting a more ductile
polymer for the matrix, or adding compounds that enhance
the composite’s overall ductility.263 CAM can also produce an
on-demand drug delivery soft robot that can deliver drugs

inside the human body by crawling and non-linear movement,
as demonstrated in Fig. 30.260 Moreover, recent progress in AM
of soft magnetic composites has enabled the fabrication of
magnetic structures embedded in elastomers, well-suited for
remotely controlled, flexible devices.267 Concurrently, shape
memory alloy actuators with built-in self-sensing functions
have shown great potential for developing compact, high-
strain morphing components in robotic systems.265,268

6.5 Applications in the biomedical industry

In the biomedical industry, the fabrication of composite mate-
rials has become feasible due to the integration of AM technol-
ogy. These additively manufactured composite materials
exhibit superior physical strength, mechanical properties, and
biological characteristics, including biocompatibility, cell adhe-
sion, cell proliferation, and non-toxicity, making them suitable
for biomedical applications compared to conventional
materials.269,270 For instance, carbon fiber-reinforced polyether
ether ketone (PEEK) composites exhibit superior cell adhesion,
biocompatibility, and regeneration capability compared to pure
PEEK.270,271 In organ and tissue transplantation, the manufac-
ture of artificial tissues and organs has emerged as one of the
most promising solutions to address limitations in current
approaches, such as donor shortages, immunological rejection,
and high costs.12 Hydroxyapatite/titanium composites are con-
sidered suitable materials for implant applications in bone
tissue engineering.270,271 Moreover, the development of func-
tionally graded material implants has been enabled by
CAM.4,270 Fig. 31 shows a scaffold made of the nano-
hydroxyapatite/poly-e-caprolactone composite that was applied
to a defective rabbit femur due to its biocompatibility,

Fig. 29 (a1) Biological caterpillar, (a2) manufactured robot using the CAM technique, and (b1)–(b4) schematic diagram of the robot showing the actuator
movement angle, adapted from ref. 266 (open access).
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degradability, and ability to accomplish expected cellular
interactions.12,272

7. Prospects and challenges

CAM is approaching a transition point where incremental
improvements in hardware and feedstock will not, by them-
selves, deliver the repeatability required for safety-critical adop-
tion. The central barrier is not geometric capability but
manufacturing stability: fiber orientation/architecture, void
formation, and interfacial bonding evolve dynamically with
thermal history, rheology, and path scheduling, and small
disturbances can amplify into property scatter. Consequently,
the next step-change in CAM reliability is expected to come
from sensor-rich data streams coupled with ML models expli-
citly designed to support optimization and control, rather than
post hoc quality classification.273,274

7.2 Data scarcity and the label bottleneck

A persistent obstacle for ML-enabled CAM is the shortage of
high-quality labeled datasets that link process signals, micro-
structure, or defects to resulting properties. This bottleneck is
well recognized in AM broadly: destructive testing is slow and
expensive, while ground-truth defect labels (e.g., CT-derived
porosity) require specialized metrology and careful registration
to in situ signals.188,190,274 A practical path forward for CAM is to

combine three complementary strategies: (i) physics-informed
or hybrid substitutes that reduce dependence on dense labels
by embedding known process constraints, (ii) active-learning
acquisition that prioritizes experiments/inspections where
model uncertainty is highest, and (iii) community benchmark
datasets and protocols that enable reproducible comparisons
across machines and materials. The AM-Bench framework275

demonstrates how shared measurement datasets can accelerate
model validation and trust, an approach that CAM urgently
needs for fiber-reinforced systems (including standardized
reporting of reinforcement morphology, fiber volume fraction,
and anisotropic properties).

7.3 Sensor integration, synchronization, and multimodal
monitoring

To move from ‘‘ML as analytics’’ to ‘‘ML as a manufacturing
tool,’’ CAM requires instrumentation that is (a) synchronized,
(b) calibrated, and (c) informative for the dominant failure
modes. Reviews188,274 of in situ monitoring across both polymer
and metal AM emphasize that single sensors are rarely suffi-
cient; robust inference typically requires multimodal data
fusion (e.g., vision or thermography combined with force/
torque or drive signals and acoustic or vibration measure-
ments), together with accurate time-stamping and spatial regis-
tration to the toolpath. For material extrusion CAM in
particular, in situ monitoring frameworks highlight the role of

Fig. 31 (A) CAD model of the scaffold, (B) and (C) SLS fabricated scaffold,
(D) and (E) scanning electron microscopy of the scaffold, and (F)–(G)
application of the scaffold in the defective femur of the rabbit. Adapted
from ref. 272 (open access).

Fig. 30 Additive manufactured composite soft robot for drug delivery in
the human body showing (a) traveling process of the soft robot inside the
human body, (b) integrated reservoir for drugs, and (c) composite soft
robot carrying a capsule, adapted from ref. 260 (reused with permission,
license number 5827090073224).
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extrusion dynamics, bead geometry, thermal management, and
layerwise imaging for detecting porosity, under-extrusion, and
interlayer bonding defects.274 For laser-based processes, mon-
itoring should capture melt-pool/track stability and thermal
gradients that govern defect formation and interfacial quality,
variables that directly affect reinforcement distribution, resi-
dual stress, and cracking susceptibility in composite or
particulate-reinforced systems.276

7.4 From monitoring to real-time decision-making and
control

A key point repeatedly raised in the AM literature is that
detection alone is insufficient: actionable ML should connect
monitoring outputs to control levers (e.g., process parameters,
toolpath updates, or energy input adjustments).188,276 A
study276 synthesizing ML-assisted closed-loop strategies frames
the problem in terms of observability (the ability to measure
defect precursors) and controllability (the availability of actua-
tors capable of correcting deviations within the required time
scale). For CAM, the most meaningful near-term control targets
are: (i) porosity suppression (via thermal management, flow
stabilization, and consolidation), (ii) interlayer/interface
strengthening (via temperature/pressure history control), and
(iii) reinforcement architecture fidelity (via path scheduling,
shear history management, and continuous-fiber placement
logic). Implementations should report not only accuracy
metrics but also latency, robustness under drift, and uncer-
tainty, because control decisions should be made under sensor
noise and changing boundary conditions.25,276

7.5 Standardization, qualification, and benchmarking for ML-
CAM

For high-impact publication and transferability beyond a single
machine, ML-enabled CAM studies should converge on: (i)
shared data schemas and metadata, (ii) benchmark artifacts
coupled with standardized test plans, and (iii) qualification-
aligned reporting. Benchmark initiatives explicitly designed
around high-quality measurements (e.g., AM-Bench) provide a
proven model for cross-comparison and should be adapted to
CAM with composite-specific descriptors (fiber type/length
distribution, sizing chemistry, dispersion metrics, and aniso-
tropic mechanical test suites).275,277 In parallel, qualification-
oriented standards for critical AM processes illustrate how
workflow structuring, spanning personnel, digital data, equip-
ment, feedstock, qualification, and the manufacturing plan can
be formalized; CAM roadmaps should therefore align ML data
collection and model validation with these qualification steps,
rather than treating ML as an isolated research add-on.278

7.6 Digital twins, cloud/edge deployment, and the digital
thread

A realistic action plan for ML-enabled CAM can be framed as a
digital-twin/digital-thread architecture, in which design and
toolpath files, machine states, in situ sensor streams, inspec-
tion results, and qualification data remain connected across
the build lifecycle. Within this loop, models are updated from

process data and used to predict quality outcomes under candi-
date parameter or toolpath changes. As summarized in Fig. 32,
AM digital twins combine process sensing and control with
training and testing data, mechanistic models, and dynamic
feedback so that monitoring, prediction, and optimization can
support both low-latency edge decisions and scalable cloud-based
data management.25,276 Validated multiphysics models and data-
driven surrogates can therefore support process planning, defect
mitigation, and qualification, which is especially important in
CAM because process history strongly affects anisotropic micro-
structure and performance.25,279

This architecture can be implemented first as a passive twin
and then matured into an active, closed-loop control. A passive

Fig. 32 Digital-twin concepts for AM: (a) digital-twin workflow for AM and
(b) mechanistic model of 3D printing, adapted from ref. 280 (reused with
permission, license number 6260630476580); and (c) dynamic data-
driven application system-enabled digital twin of an AM cyber-physical
system ref. 281 (open access).

Review Materials Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
9/

20
26

 1
1:

23
:5

2 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ma00219f


© 2026 The Author(s). Published by the Royal Society of Chemistry Mater. Adv.

CAM twin synchronizes design files, machine states, sensor
streams, inspection results, and predicted quality states, but its
outputs remain limited to visualization, anomaly alerts, offline
parameter recommendations, or post-build acceptance deci-
sions. An active CAM twin adds state estimation, uncertainty-
aware decision logic, and validated actuation, allowing deposi-
tion parameters such as laser power, scan speed, feed rate,
extrusion temperature, bead pressure, cooling rate, toolpath
scheduling, or local repair actions to be adjusted when sensor
evidence indicates drift from the qualified process window.
This distinction is critical: passive monitoring primarily
strengthens traceability, whereas active control changes the
manufacturing history of the part and therefore requires
controller-stability analysis, latency reporting, fail-safe rules,
and evidence that corrective actions improve microstructure or
properties rather than only the sensor signal.25,275,276,279

8. Roadmap for ML-enabled CAM:
from sensing to benchmarking, closed-
loop control, and digital twins
(2025–2035)

To transition ML-CAM from promising demonstrations to a
reproducible, certifiable, and industrially scalable practice, a
staged roadmap is required that connects sensor-based data
collection, standardized benchmarking, real-time process con-
trol, and digital twin/cloud integration. The roadmap below is
aligned with the literature showing that (i) multi-modal in situ
sensing is the prerequisite for robust inference and defect
observability, (ii) community benchmarking is essential for
trustworthy model comparisons, and (iii) closed-loop control
and digital twins demand low-latency data pipelines and vali-
dated physics-data hybrid models.25,274,276

8.2 Phase 1 (0–2 years): sensor-based data collection and
analysis-ready datasets

Objectives: establish reliable, well-annotated datasets that
enable supervised ML, cross-platform comparison, and down-
stream model development.

1. Multi-modal sensing stacks (process, part, and environ-
ment): deploy synchronized thermal and visible imaging,
acoustic and vibration sensing, and power, force, and position
measurements, supplemented where applicable by subsurface
sensing. Emphasize calibration, accurate time-stamping, and
multimodal sensor fusion to capture both defect signatures
and process signatures.274,282

2. Ground-truth linking for supervised ML: Build paired
datasets that connect in situ sensor streams with ex situ metrol-
ogy and inspection (e.g., X-ray microCT/CT, microscopy, and
mechanical testing), enabling traceable labels, uncertainty
quantification, and model validation.274,282

3. Data governance and interoperability: Define minimal yet
sufficient metadata (e.g., machine, material, lot, toolpath, and
environment), along with sampling specifications and

standardized storage formats, to ensure dataset reuse and
interoperability across laboratories and platforms.274

Deliverable (end of phase 1): public or consortium datasets
featuring consistent metadata, documented sensor calibration,
and standardized baseline splits (training, validation, and
test sets), suitable for benchmarking and reproducible ML
development.

8.3 Phase 2 (2–5 years): standardized ML-CAM benchmarking
protocols

Objectives: enable fair, reproducible, and transferable evalua-
tion of ML-enabled CAM models and control strategies across
machines, materials, and laboratories.

1. Benchmark test cases and measurement challenges: adapt
the AM-Bench concept, combining controlled builds, rich mul-
timodal measurements, and shared prediction challenges, to
CAM-relevant materials and processes. Such benchmarks
enable direct, like-for-like comparison of models, inference
pipelines, and control strategies.277

2. Benchmark metrics beyond accuracy: require reporting of
performance metrics that reflect operational relevance, includ-
ing receiver operating characteristic (ROC)- or probability-of-
detection (POD)-style curves (false-alarm versus miss-rate trade-
offs), robustness across builds and machines, and uncertainty
calibration. These metrics are particularly critical for defect
detection and anomaly monitoring tasks.283

3. Reproducibility checklist: standardize reporting of data
preprocessing steps, feature construction, domain-shift mitiga-
tion strategies, and inference latency (to assess real-time readi-
ness), together with explicit dataset and version identifiers.

Deliverable (end of phase 2): a community-defined ML-CAM
benchmarking protocol encompassing shared datasets, stan-
dardized metrics, and reporting guidelines, validated through
multi-laboratory round-robin studies.

Regulatory acceptance of ML-driven QA should build on the
phase 2 benchmarking protocol, but it will require more than
benchmark accuracy. For CAM, the evidence package should
document data provenance, feedstock lot and conditioning
history, machine configuration, sensor calibration, software
and model version, training and validation splits, uncertainty
bounds, out-of-distribution tests, and all process interventions
performed during closed-loop operation. Certification bodies
will also need clear separation between model-assisted evi-
dence and final acceptance criteria: ML can prioritize inspec-
tion, detect process drift, recommend parameter changes, or
support a digital-thread audit, but part release should remain
tied to validated quality characteristics, mechanical allowables,
inspection capability, and documented process control. Exist-
ing AM qualification and critical-application standards provide
a starting point for production-site qualification, process con-
trol, and documentation, but CAM-specific adoption requires
additional consensus on anisotropic test specimens, fiber-
orientation and interface descriptors, benchmark builds,
model change-control procedures, cybersecurity of the digital
thread, and procedures for revalidation after feedstock,
machine, sensor, or software changes.27,283,284
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8.3 Phase 3 (3–7 years): real-time process control systems
(closed-loop ML)

Objectives: transition ML-enabled CAM from passive monitor-
ing and offline optimization to reliable, adaptive, and certifi-
able in situ process control.

1. From monitoring to diagnosis and action: progress from
offline optimization and online detection toward adaptive
in situ control strategies capable of defect avoidance, mitiga-
tion, or repair. This requires fast ML inference on streaming
data, coupled with control-theoretic guardrails to ensure stabi-
lity and safety.274,276

2. Measurement science for closed-loop feasibility: prioritize
measurands and sensing modalities that are demonstrably
linked to quality outcomes, recognizing that inadequate or
weakly correlated measurements remain a primary barrier to
effective real-time control.190,275

3. Edge deployment and fail-safe logic: implement low-
latency edge inference for time-critical control loops and
incorporate uncertainty-aware decision logic to prevent unsafe
interventions when models operate outside their training
distribution.

Deliverable (end of phase 3): demonstrated closed-loop ML
control on benchmark CAM problems, with quantified
improvements in process stability, latency, and part quality.

8.4 Phase 4 (5–10 years): integration with digital twins and
cloud platforms (digital thread)

Objectives: integrate ML-enabled CAM into scalable, traceable,
and qualification-ready digital ecosystems that support predic-
tion, control, and lifecycle management across distributed
manufacturing environments.

1. Hybrid physics-data digital twins: combine validated
multiphysics models with ML-based surrogate models to
achieve near-real-time prediction of process and part states
(e.g., thermal fields and distortion). Such hybrid digital twins
enable ‘‘what-if’’ control decisions and predictive quality
assessment during manufacturing.25,36

2. Digital thread data packaging: implement end-to-end
traceability across the manufacturing lifecycle, spanning
design, process planning, in situ sensing, inspection, and
certification, through standardized digital data packages. This
digital thread is essential for qualification, auditability, and
regulated deployment of CAM systems.283

3. Cloud and remote twin ecosystems: use cloud and cloud-
edge infrastructures for scalable data storage, model lifecycle
management, federated benchmarking, and remote monitor-
ing and control. Emerging validated digital-twin ecosystems
demonstrate the feasibility of real-time synchronization
and large-scale analytics across distributed manufacturing
assets.285,286

4. Twin-enabled advanced control: progress toward digital-
twin-enabled model predictive control and optimization frame-
works that tightly integrate prediction, decision-making, and
constraint handling. Such approaches support robust opera-
tion across varying jobs, materials, and process conditions.37

Deliverable (end of phase 4): a deployable ML-CAM digital-
twin framework spanning edge and cloud resources, capable of
supporting qualification evidence, audit trails, and continuous
process improvement across the digital thread.

9. Conclusions

CAM is entering a decisive transition from geometry-driven
prototyping to performance-directed production of architected,
multifunctional, and application-specific composite systems.
However, its broader industrial translation remains limited by
composite-specific uncertainty arising from nonuniform rein-
forcement dispersion, orientation drift, incomplete interfacial
bonding, defect-sensitive property scatter, and insufficient
standardization across materials, machines, and process
routes. The synthesis presented in this review shows that these
limitations cannot be resolved by optimizing materials, process
parameters, or data-driven models in isolation. Instead, the
composite interface must be treated as the central organizing
variable linking feedstock architecture, process physics, micro-
structural evolution, defect formation, and final performance.
Dispersion, orientation, interphase formation, void morphol-
ogy, lack of fusion, residual stress, and anisotropic property
scatter are therefore best understood as coupled outcomes of a
process–structure–property–control system, with distinct man-
ifestations across vat photopolymerization, binder jetting,
material extrusion, selective laser sintering, directed energy
deposition, and emerging hybrid or multi-material CAM
platforms.

A major conclusion of this review is that the role of ML in
CAM is rapidly shifting from retrospective data analysis toward
active participation in materials selection, toolpath and topol-
ogy design, in situ monitoring, process optimization, and
qualification-oriented decision-making. ML is increasingly
valuable not because it replaces mechanistic understanding,
but because it can connect heterogeneous data streams, reveal
process-sensitive correlations, accelerate parameter-space
exploration, and support closed-loop control when embedded
within physically constrained workflows. This transition is
especially important for emerging CAM inflection points,
including high-productivity volumetric stereolithography, scal-
able binder-jet strategies, advanced polymer-composite extru-
sion, support-free selective laser sintering, variability reduction
in directed energy deposition, and spatially controlled hybrid
and multi-material manufacturing. For fusion-based metal and
composite systems, process maps should extend beyond nom-
inal heat input and bead geometry to include solidification
descriptors such as thermal gradient, solidification rate, their
ratio, and cooling-rate products, thereby linking processing
conditions to segregation, reinforcement redistribution, resi-
dual stress, cracking susceptibility, and interfacial stability.

Despite these advances, the field still lacks a qualification-
oriented evidentiary framework capable of converting promis-
ing laboratory demonstrations into transferable, certifiable
manufacturing practices. Mechanical strength alone is no
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longer an adequate basis for process comparison or deploy-
ment claims. Future CAM benchmarking must integrate aniso-
tropy ratios, fatigue performance, interlaminar strength,
fracture metrics, porosity and defect-size distributions, dimen-
sional accuracy, surface topography, build rate, energy input,
throughput, and process repeatability. Similarly, multiscale
simulations should progress from idealized homogenization
toward experimentally calibrated, defect-informed, cohesive/
interphase-aware models that are validated against full-
field strain measurements, microscopy, X-ray microCT, and
failure observations. Such benchmarking and modeling disci-
pline is essential for separating genuine process capability
from geometry-specific, machine-specific, or dataset-specific
performance.

The next stage of CAM development should therefore follow
a staged pathway that links sensing, benchmarking, modeling,
control, and certification evidence within a qualification-ready
digital thread. Priority actions include establishing synchro-
nized multimodal sensing with robust calibration, spatial
registration, and time-stamping; building paired datasets that
connect in situ process signatures to ex situ ground truth;
defining community-level benchmarking protocols and opera-
tional metrics beyond prediction accuracy; demonstrating
closed-loop control using low-latency inference, uncertainty-
aware decision rules, and safety guardrails; and integrating
hybrid physics-data digital twins with lifecycle traceability.
These digital threads should also include design-of-
experiments planning, build-wise, batch-wise, geometry-wise,
and machine-wise validation splits, external validation, out-of-
distribution detection, model-version tracking, and auditable
regulatory evidence dossiers.

Future ML-CAM studies should explicitly state the intended
function of each model: passive monitoring, offline optimiza-
tion, design-space exploration, process-window mapping, or
active closed-loop control. Model selection should be justified
by the data modality and manufacturing decision being
addressed. Tabular surrogates, Gaussian-process models, Baye-
sian methods, and ensemble learners are well suited for
process–structure–property mapping; CNNs, vision transfor-
mers, and segmentation models are appropriate for spatial
defects, melt-pool signatures, and reinforcement clustering;
recurrent, transformer, and state-space architectures are suita-
ble for toolpath-linked temporal signals; and reinforcement
learning or model-predictive control is appropriate for sequen-
tial process decisions. In data-scarce regimes, transfer learning,
domain adaptation, self-supervised learning, simulation pre-
training, and physics-informed learning offer promising routes,
but only when accompanied by physical consistency checks,
uncertainty calibration, explainability, and independent valida-
tion. Accuracy alone should not be treated as qualification
evidence unless predictions are traceable to composite descrip-
tors, bounded by calibrated uncertainty, and interpretable in
terms of process physics and microstructural mechanisms.

Overall, the most compelling outlook is that scalable and
certifiable CAM will emerge from the convergence of interface-
aware feedstock design, process-resolved multiscale modeling,

standardized benchmarking, and ML-enabled closed-loop con-
trol. The field’s central challenge is no longer simply to print
complex composite geometries, but to manufacture composite
performance with reproducible evidence. Achieving this goal
will require passive-to-active digital-twin ecosystems in which
calibrated sensors, physics-guided models, uncertainty-aware
ML, guarded actuation, and auditable qualification records
mature together. Such integration would transform CAM from
a largely empirical and demonstration-driven technology into a
predictive, traceable, and certification-ready manufacturing
platform for aerospace, biomedical, energy, mobility, and other
safety-critical applications.
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