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ARTICLE INFO ABSTRACT
Keywords: Powder Bed Fusion (PBF) is a critical enabling technology in metal additive manufacturing (AM) to produce
Additive manufacturing high-performance components deployed in extreme environments, including aerospace, energy, and biomedical

Powder bed fusion
Defect detection
Multiscale modeling

applications. However, internal defects, such as lack of fusion porosity, gas-entrapped pores, and keyhole-
induced voids continue to impose limitations on structural integrity, fatigue life, and process reliability.
Machine learning Achieving defect-free manufacturing under demanding performance requirements necessitates advanced
Process monitoring detection and control strategies. Several recent reviews have addressed either in-situ monitoring techniques or
Reliability machine-learning-based quality analytics in PBF, but typically in isolation. By contrast, this work provides an
integrated review of defect detection across the PBF process chain, with emphasis on in-situ sensing, ex-situ
characterization, machine learning-based classification, and mechanistic, numerical, and simulation ap-
proaches across micro-, meso-, and macro-scales. Particular focus is placed on computational models that capture
critical physical phenomena at different scales, providing insight into defect formation and mitigation in PBF
processes. The article also identifies current research gaps and outlines future directions for developing robust
defect detection frameworks that support the qualification of AM components for mission-critical and extreme
applications. These insights contribute to advancing the state-of-the-art in high-reliability additive
manufacturing and accelerating its industrial adoption.
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1. Introduction

Powder Bed Fusion (PBF) has emerged as one of the most important
metal additive manufacturing (AM) processes for producing geometri-
cally complex, high-performance components in aerospace, energy,
automotive, and biomedical industries. Its layer-wise consolidation
strategy enables unprecedented design freedom and near-net-shape
manufacturing, while offering the potential for part consolidation and
reduced material waste. Despite these advantages, the widespread
adoption of PBF for safety-critical and load-bearing applications remains
limited by persistent challenges related to process reliability, repro-
ducibility, and internal defect formation [1,2]. While this review ad-
dresses PBF in general, particular emphasis is placed on L-PBF, as it
dominates current research on in-situ monitoring and machine-learning-
based defect detection.

Among the various limitations of PBF, internal defects such as lack-
of-fusion (LoF) porosity, gas-entrapped pores (GEPs), and keyhole-
induced voids (KHs) represent the most critical barriers to achieving
consistent mechanical performance. These defects act as stress concen-
trators, severely degrading fatigue life, fracture resistance, and long-
term structural integrity. Their formation is governed by a complex
interplay between process parameters, powder characteristics, melt-
pool dynamics, and thermal gradients, making defect suppression
through conventional parameter optimization alone highly inefficient
and material-dependent [3,4].

When excessive energy is supplied to the powder material, KHs-
shaped defects are formed in the melt pool, and their filling is mainly
impaired by Marangoni flow and recoil pressure. This phenomenon is
known as KH porosity. This defect tends to collapse because of its
intrinsic instability, trapping inert shielding gas and creating usually
round pores [5,6]. Typically characterized by small spherical voids, gas
porosity may result from vaporized alloy elements, inherent porosity in
the powder particles, or gas trapped within the shielding environment
[7,8]. Porosity and LoF defects can adversely affect static and dynamic
mechanical performance, limiting the application of AM components in
mission-critical applications [9,10].

In addition, additively manufactured parts are associated with poor
surface finish and tensile residual stresses, which worsen fatigue per-
formance [11]. Several post-processing methods, such as heat treatment,
hot isostatic pressing, and surface modification, have been used to
overcome such problems and improve fatigue performance [11,12]. The
reliable detection and precise characterization of internal defects are
vital to ensure the quality and performance of AM components [13]. As
these defect categories are classified, minimizing the requirement of
extensive optimization of the process parameters is possible, which is
usually laborious and time-consuming. This strategic approach to defect
categorization also significantly improves AM parts' mechanical prop-
erties without the painstaking parameter-tuning process [14].

Against this backdrop, the present review aims to integrate these
previously disparate threads into a cohesive framework for defect
detection and control in L-PBF. We emphasize how understanding the
physical mechanisms of defect formation can inform sensor interpreta-
tion and guide the development of hybrid physics-informed ML models.
To the authors' knowledge, this is the first review to systematically link
defect mechanisms, in-situ sensing, multiscale modeling, and ML-based
classification within a unified perspective oriented toward closed-loop
quality assurance in L-PBF. By critically examining current limitations
and identifying emerging opportunities, this work seeks to support the
transition from open-loop monitoring toward adaptive, self-corrective
manufacturing strategies, enabling more reliable production of
mission-critical AM components.

2. Overview of the PBF methods

Powder Bed Fusion (PBF) is a frequently used metal AM technique
utilized for the production of high-performance components in the
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aerospace, biomedical, and automotive industries [15]. In PBF, thin
layers of metal powder are distributed over a build platform and selec-
tively melted by a focused energy source, such as a laser or an electron
beam, in accordance with the digital model [16]. The primary alterna-
tives, L-PBF and EB-PBF, mainly differ in their energy sources, pro-
cessing atmospheres, and defect-formation behaviors, which are
essential for real-time defect detection. Fig. 1(a) and (b) show the
schematic illustration of each method regarding their energy sources
and structures [17,18].

In L-PBF, the laser beam melts powder in an inert atmosphere,
typically argon or nitrogen, maintaining oxygen levels below 1000 ppm
to avoid oxidation. The selection of gas affects melt-pool stability and
spatter generation, thereby affecting surface quality and the ability to
detect defects [19]. For example, Ti-6Al-4V is highly sensitive to oxygen
and nitrogen, while 316L stainless steel is less reactive [11]. Recent
studies have proposed helium as an alternative gas to reduce spatter and
stabilize the melt pool [12]. Gas composition and purity thus directly
impact both defect formation and signal clarity in optical or thermal
monitoring [13].

Defect types such as keyhole-induced porosity and lack-of-fusion
(LoF) porosity originate from inappropriate energy input. High laser
power and low scan speeds increase melt-pool depth and vaporization,
promoting keyhole instability, while insufficient power or excessive
speed produce LoF voids [20-23]. Optimal parameter ranges achieve
dense microstructures, whereas extremes alter surface emissivity and
monitoring response. For instance, higher scan speeds in NiTi alloys
accelerate Ni evaporation, shifting phase-transformation behavior
detectable via spectral monitoring [24].

Hatch spacing and layer thickness also influence overlap uniformity
and signal consistency: narrow spacing increases overlap but may create
convection-induced pores, while large spacing reduces intertrack
bonding [25,26]. These relationships between process parameters and
defect signatures provide the foundation for adaptive, sensor-assisted
PBF control.

In EB-PBF, melting occurs under vacuum using a focused electron
beam, which minimizes oxidation and residual stress while maintaining
high density [27,28]. The vacuum environment benefits reactive ma-
terials such as titanium alloys and enables high deposition rates for large
parts [29]. Advances in electron-beam guns and powder recycling have
enhanced production capability [23], although higher energy input can
still induce warping and surface roughness that affect post-build in-
spection [30,31]. For defect detection, EB-PBF relies primarily on
electron-optical imaging, pyrometry, and beam-current analysis, as
visible-light access is limited. Overall, both L-PBF and EB-PBF share
common detection challenges—dynamic melt-pool behavior, layer-wise
variations, and atmosphere-dependent signal sensitivity. Understanding
these processing principles is essential for designing robust in-situ
monitoring frameworks capable of identifying defect precursors dur-
ing fabrication.

3. Defect formation mechanisms and their detection relevance
in PBF

Defect formation in PBF arises from the complex interplay of process
parameters, thermal gradients, melt-pool dynamics, and powder char-
acteristics. Understanding these mechanisms is crucial not only for
optimizing build quality but also for designing effective defect-detection
and monitoring strategies, since each mechanism produces distinct
thermal, optical, or geometric signatures that can be captured by in-situ
sensors or ex-situ characterization tools.

At high energy densities, the melt pool transitions from conduction
to the keyhole regime, where intense vaporization generates a deep
depression within the liquid metal. The keyhole itself is a melt-pool
phenomenon, but its instability during collapse can trap vapor and
form keyhole-induced porosity [32]. Synchrotron imaging has revealed
rapid oscillations in the keyhole walls and bubble nucleation that
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Fig. 1. The schematic illustration of two PBF machines: (a) L-PBF and (b) EB-PBF [47]. (c) Explanation of the formation of various defects in L-PBF [48].

stabilizes through gas diffusion or collapses to form subsurface pores
[33]. Disturbances in shielding-gas flow or recoater motion can further
localize these pores at cell boundaries [34]. Zhao et al. focused on time-
resolved synchrotron X-ray imaging to show that KH-induced porosity
can form before visible melt pool trenching is observed. The synchrotron
imaging revealed that KH-induced porosity stem from vapor-induced
instabilities that appear in the melt pool [35].

When the energy input is insufficient, incomplete melting and poor
overlap between adjacent tracks or layers produce LoF porosity [9].
These elongated, crescent-shaped voids align with the scan path and act
as stress concentrators that severely reduce mechanical strength. LoF
initiation has been statistically correlated with spatter redeposition that
disturbs powder uniformity [36]. Analytical models express the fusion
condition through a LoF index, the ratio of melt-pool depth to layer
thickness, where values below unity indicate incomplete bonding. For
instance, Zhang et al. showed that for a given melt pool size, the critical
parameter for achieving complete fusion is the minimum depth of
overlap, denoted as Mg [37]. In-situ detection of LoF regions relies on
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reduced melt-pool temperature or height-map anomalies detected by
thermography and optical imaging, while real-time control of laser
power or scan speed can correct insufficient fusion [38].

Another important mechanism is preferential evaporation, caused by
the selective loss of volatile alloying elements under excessive power
density. In Ti-6Al-4V, aluminum depletion alters local composition and
mechanical response [39] while in Ni-based superalloys, elements such
as Al, Co, and Cr can evaporate by up to 1.2 at.% [40,41]; Klassen et al.
reported as much as 8 at.% Al loss in Ti-6Al-4V [42]. It has been shown
that keeping the LED between 0.1 and 0.2 J/mm can limit elemental
losses to <0.5% in Ti-6Al-4V while still achieving complete melting and
eliminating LoF defects [5]. Additionally, reducing the hatch distance
and layer thickness increases the total exposure time of the material to
high temperatures, further exacerbating evaporation. Thus, carefully
balancing these parameters is essential to maintain the desired alloy
composition [43]. Fig. 1(c) shows the schematic of the formation of
different defects during L-PBF.

The formation of residual stress is another primary concern in PBF,
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especially in L-PBF, due to the process's large thermal gradients and
relatively high solidification rates [44]. Uneven cooling, resulting in
tensile and compressive stresses, leads to distortion and cracking of the
part. Residual stresses are classified as Type I: macroscale, Type II: grain-
scale, and Type III: atomic-scale. Type I stresses dominate PBF and tend
to warp larger components [45]. Residual stress can be influenced
directly by the scan strategy and the hatch spacing. Longer scan lines
lead to larger thermal gradients, which result in more significant re-
sidual stresses. Using smaller part areas, islands, or alternating scan
pattern directions can significantly reduce the thermal gradient and
residual stresses [46].

In summary, defect formation in PBF is governed by energy-balance
instability, melt-pool overlap, vaporization kinetics, and thermal-stress
evolution. Each mechanism leaves measurable signatures: transient
thermal and optical variations indicate keyhole instability; cooler melt
pools and height deficits reveal LoF; spectral and compositional shifts
signal evaporation; and geometric distortions reflect residual stress
buildup.

4. In-situ and ex-situ sensing techniques for defect detection

AM uses two main imaging methods for defect identification and
process monitoring: ex-situ (post-process) and in-situ imaging. Both
strategies have unique advantages, and they also have some restrictions.
In-situ imaging becomes especially useful because of its capacity to
provide opportunities for real-time monitoring during the AM process.
This approach directly observes phenomena such as changes in material
properties, structural dynamics, and changing process conditions. In-
situ imaging gives rapid insights into the production process by col-
lecting and evaluating data in the operating environment, allowing er-
rors to be detected as they occur.

On the other hand, ex-situ imaging provides extensive post-process
characterization of the constructed objects, but it doesn't have the
speed of real-time data. This process often includes high-resolution
photography and analysis of the final component's mechanical and
structural characteristics. Ex-situ techniques have long been used in
industry for quality control, research, and development. A range of
advanced sensors, including acoustic sensors [49], high-resolution op-
tical cameras [50], high-speed cameras [51], infrared (IR) thermog-
raphy [52], IR cameras [53], and optical tomography [54], are
employed to monitor the AM process, either during or after production.
These technologies enable detailed insights into crucial phenomena
occurring within the powder bed and melt pool, such as surface topog-
raphy (pre- and post-exposure), spattering, balling, pore formation,
cracking, and deformation.

Furthermore, these sensors are essential for recognizing certain
defect types and for more accurate identification and characterization.
These sophisticated monitoring systems are critical because they pro-
vide crucial data for better process control. This review will go over each
instrumentation category in detail, evaluating the sensor types and how
they contribute to improving the reliability and precision of AM
technologies.

4.1. Optical-based monitoring

Electromagnetic wave-based optical technologies in the visible band
are widely used as in-situ monitoring systems in AM. These methods
apply multiple detector types to capture high-resolution images of the
process and provide critical information about material deposition and
quality assurance. Real-time visual data extracts structural characteris-
tics like component height, width, and POSSIBLE distortions due to the
compaction of the assembly through optical techniques. However,
vision sensing has proven to be a cost-effective approach for tracking
individual layers' geometric accuracy and ensuring the parts' structural
stability and dimensional accuracy during the AM process [55]. Exam-
ples of typical optical monitoring configurations are shown in Fig. 4(a),
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including high-resolution camera systems and schematic setups inte-
grated into L-PBF machines [56]. Surface images are typically obtained
by CMOS or CCD cameras. These techniques are best suited for detecting
gross defects, such as interruptions in the powder supply or surface
defects. The process starts by exposing the material's surface to a light
source, like a ring or dome configuration. The camera then captures the
light reflected off the surface, generating a grayscale image that reveals
the surface roughness and features. The result is represented by an
integer pixel, where each pixel corresponds to a separate intensity level
(gray value) of the surface. The raw image data is typically compressed
into formats like PNG or JPG to process it further.

Modern image processing algorithms can extract surface texture in-
formation, revealing key surface characteristics such as topography,
defects, and scan-path patterns. In the context of AM, these features can
be continuously monitored to identify process instabilities or deviations
in the beam trajectory that may influence surface quality. This enables
dynamic surface defect detection and adaptive quality control during
PBF operations [57].

As mentioned, CCD or CMOS cameras equipped with suitable
waveband filters are standard visual sensing devices used in AM. The
precision and efficiency of these visual sensing devices are strongly
dependent on camera resolution, which is crucial in showing dimension
input during the AM process. This technology is essential for monitoring
the powder layer recoating process since it allows the detection of any
anomalies or disruptions in the powder bed. These devices facilitate the
overall quality of the construction by providing exact visual data that
ensures the consistency of powder distribution.

In-situ optical imaging has been extensively employed to investigate
the melt pool dynamics during AM processes. By leveraging advanced
image processing techniques, significant research has focused on
analyzing the size and behavior of the melt pool [58]. Beyond typical
photography, remarkable technologies such as laser coaxial CMOS
cameras and trinocular optical detectors, which consist of three separate
components, are used to record molten pool features [59].

Stereo vision methods provide a viable method for recreating the
melt pool's three-dimensional structure. This approach relies on trian-
gulation to identify the location of objects by looking at matching points
obtained from two cameras [60]. Several studies have focused on
developing in-situ techniques for rapid defect localization and quanti-
fication through visual sensing [61]. Felix et al. introduced a high-
resolution optical monitoring system to detect layer deviation defects
in L-PBF, integrating a 3D measurement system with a recoater-based
line camera (Fig. 2(a)) [56]. By extracting brightness and periodicity
data from superimposed images, they achieved a resolution of 5.97 pm/
pixel (Fig. 2(b)). To further validate the relationship between the
extracted image features and build quality, topographical data were
collected ex-situ using the Alicona Infinite Focus system, as depicted in
Fig. 2(c).

Optical monitoring offers high spatial resolution, low cost, and non-
intrusive integration, making it effective for detecting surface defects
such as recoating anomalies or layer shifts. However, it is limited to
surface features, sensitive to spatter and lighting, and depends on
camera resolution. These limitations are more pronounced in EB-PBF,
where vacuum and high temperatures hinder visible-light imaging,
whereas L-PBF benefits from stable optical access, making optical
monitoring more practical.

4.2. Thermal-based monitoring systems

Thermal-based monitoring systems encompass infrared and near-
infrared imaging as well as thermographic and pyrometric techniques.
While all these approaches rely on detecting thermal radiation, they
differ in terms of spectral range, measurement strategy, and application
focus within additive manufacturing processes.
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Fig. 2. Surface images of samples produced in the experiment: (a) captured in-situ using the camera system, (b) both superimposed images, and (c) a topographical
image acquired ex-situ using an Alicona Infinite Focus, where “0” indicates the mean plane [56].

4.2.1. Infrared imaging and NIR-based monitoring

CMOS and CCD cameras are commonly used for general defect
detection in AM, such as the detection of discontinuities in powder
supply operations. However, infrared (IR) cameras are more suitable for
monitoring thermal fields and identifying pores and other defects caused
by insufficient heat dissipation [57].

IR-based systems are especially useful in AM because they can record
thermal data and diagnose subsurface defects like incomplete fusing or
overheating, which optical systems cannot because these methods focus
on surface characteristics. Unlike optical monitoring, IR systems provide
insights into temperature distributions inside the process, providing
more knowledge of thermal anomalies that may result in defect forma-
tion. Furthermore, IR cameras can perform well in high-energy laser
interactions, where splatter and bright light may block traditional op-
tical approaches.

IR radiation has wavelengths longer than visible light and is critical
for obtaining comprehensive temperature data during research. This
makes IR-based monitoring systems suitable for temperature measure-
ment, defect identification, and melt pool monitoring in AM processes.
When setting up an IR camera for such applications, selecting an
appropriate camera type based on the required temperature range and
resolution is critical to achieve accurate and effective AM monitoring.

Near-infrared (NIR) imaging has developed as an effective method
for real-time defect detection during AM, and it offers vital insights into
manufactured parts [62]. Craeghs et al. explored powder bed moni-
toring in the PBF process using optical imaging techniques, highlighting
the wide range of thermal data accessible through this method [63].
While optical imaging operates similarly to thermal imaging, it cir-
cumvents the need for IR-specific sensors by leveraging the NIR spectral
range of commercial cameras to estimate melt pool temperatures.
Despite challenges in acquiring precise thermal measurements from
optical data, melt pool irregularities can be effectively examined, of-
fering valuable indirect insights into potential defect formation.
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Criales et al. investigated the behavior of the melt pool in PBF by
using in-situ video imaging during the processing of IN625 super alloy,
which captured the dynamic character of the melt pool and provided a
greater understanding of the process [58]. Mazzoleni et al. extended this
by using a CMOS imaging system to collect visible and infrared wave-
lengths. They provided the capabilities of CMOS sensors to capture more
precise melt pools utilizing the sensor's dynamic range in the IR spec-
trum [59]. Fig. 3(a) shows NIR pictures taken for both bulk and thin-wall
geometries, demonstrating NIR imaging's capacity to detect minor dif-
ferences in thermal behavior that could show defect development.
Infrared monitoring provides the advantage of capturing subsurface
thermal information, enabling the detection of incomplete fusion,
overheating, or other heat-related defects that optical systems cannot
observe. It is particularly robust under high-energy laser conditions,
where spatter and bright light can obscure visible-light imaging. Limi-
tations include lower spatial resolution compared with optical cameras
and sensitivity to emissivity variations. While IR monitoring is widely
applied in LPBF due to the controlled inert gas environment, EB-PBF's
high-temperature vacuum poses challenges for thermal imaging, often
requiring specialized IR or pyrometric sensors to obtain reliable data
(Fig. 4(b)) [64].

4.2.2. Thermography and pyrometric techniques

Thermography, a popular non-contact sensing technique, tracks
temperature changes during AM. This technology detects infrared ra-
diation generated by materials during processing and allows real-time
temperature distribution monitoring. In AM, thermography is critical
to discovering defects by analyzing temperature changes throughout the
melting and solidification phases. Typically, an infrared camera is used
to continually monitor the work area, gathering thermal data and
creating dynamic thermal maps that show temperature variations be-
tween layers. These maps are analyzed to discover anomalies such as
hotspots or inadequate heating, which might result in defects like pores,
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and temperature distribution (g) [69].

cracks, or incomplete fusing. [65]. Heat monitoring is a typical non-
contact sensing technique in advanced manufacturing laser processes
like welding, thermal hardening, cladding, and, more recently, L-PBF
[66] and EB-PBF [67]. Inhomogeneous mechanical characteristics result
from variations in the microstructures and forming dimensions of as-
built components caused by local heat fluctuations over time during
material processing.

Fig. 3(b) displays the layer thermal gradients using thermography.
The interface velocity contour in Fig. 6a shows that regions using the
point melt approach have considerably greater velocities than the
remainder of the construct. In contrast, the thermal gradient contour in
Fig. 3(c) demonstrates that line melt locations have larger thermal
gradients than point melt zones. When plotted against a columnar-to-
equiaxed transition curve (Fig. 3(d)), the equiaxed region points move
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closer to the chart's equiaxed area [68]. Another study further supports
the role of thermography in precision thermal measurement, with Fig. 3
(e, f) demonstrating real-time melt pool monitoring. This setup enables
precise temperature control, which is crucial for maintaining process
stability. Fig. 3(g) provides a detailed view of the melt pool geometry
and its temperature distribution, offering a high-resolution perspective
on temperature variations directly influencing material properties in the
final build [69].

Thermographic systems are widely applied to assess process stability
and determine melt pool dimensions [72]. In L-PBF, Zheng et al. utilized
a coaxially aligned thermal camera with the laser beam to monitor melt
pool temperature [73]. Dimer et al. developed a multi-sensor system
incorporating NIR and visible wavelength cameras alongside a photo-
diode to track porosity formation, analyzing laser absorption rates and
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Fig. 4. (a) Optical monitoring system integrated into an L-PBF machine [56]. (b) Schematic diagram of the IR monitoring system integrated into the L-PBF
experimental setup [64]. (c) Illustration of the L-PBF experimental setup, including the LWIR camera [90]. (d) Multi-circle scanning using a laser ultrasonic system
[771. (e) Schematic of the high-speed X-ray imaging and diffraction setup for L-PBF at the Advanced Photon Source [91].

temperature field dynamics [74]. Mitchell et al. monitored L-PBF
anomalies using a two-color pyrometer, providing insights into thermal
gradients that significantly impact part microstructure [75].

By measuring the thermal radiation emission from the powder bed
under laser irradiation, insight into the thermal gradients present in the
PBF process, which significantly influence final part properties such as
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microstructure, can be gained.

Berumen et al. employed a 10 kHz camera and a photodiode to
capture the geometry of the melt pool and the average radiation in-
tensity emitted [71]. Heigel et al. investigated how laser features affect
melt pool temperature and form in DED systems, demonstrating signif-
icant connections between laser parameters and thermal management
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[72]. Arisoy et al. used in-situ IR monitoring of an IN625 process and
finite element simulations to improve thermal behavior predictions
[73]. Unlike L-PBF techniques, EB-PBF procedures do not allow for the
coaxial mounting of lenses with the electron beam. Furthermore,
vaporized particles may condense in the vacuum environment on the
system's viewing windows and optics. As a result, some changes must be
made to enable thermal imaging [67]. Schwerdtfeger et al. presented a
suitable solution by placing a ZnSe window at a 15° angle to the e-beam
axis within the EB-PBF chamber, successfully adapting IR thermal im-
aging to EB-PBF settings [76].

Thermographic monitoring offers the advantage of capturing real-
time thermal distributions, allowing the detection of subsurface de-
fects, hotspots, and melt pool instabilities that optical systems cannot
reveal. Its non-contact nature and high temporal resolution make it
suitable for process control in L-PBF. Limitations include sensitivity to
emissivity variations, reduced spatial resolution compared with optical
imaging, and challenges in vacuum environments. While L-PBF allows
straightforward integration of LWIR cameras (Fig. 4(c)), EB-PBF re-
quires adaptations such as angled windows to accommodate thermal
imaging under high-temperature vacuum conditions [77].

4.3. Acoustic-based monitoring systems

While previous sections discussed the benefits of visual, infrared, and
thermal signals for monitoring surface-level characteristics, these
methods are restricted in exposing underlying conditions in manufac-
tured components. When the laser interacts with metal materials in the
PBF process, transient elastic waves are formed inside the molten pool,
revealing important internal details such as pores and cracks [78].
Acoustic sensing in PBF detects generated sonic or ultrasonic waves
caused by laser operation or sound waves sent by transducers into the
sample. These waves carry essential interior information like pores and
cracks [79]. Advancing Acoustic Emission (AE) sensor technologies are
critical for recognizing defects in PBF. Contact-type piezoelectric sensors
are commonly used to detect AE signals, which include structural-borne,
air-borne, and ultrasonic signals.

The two most common acoustic-based sensing in PBF operations are
ultrasonic testing (UT) and AE spectroscopy. Ultrasonic testing (UT) is a
common NDT technique that tests a part using ultrasonic waves and
records time-resolved acoustograms of the reflected or transmitted
waves. This enables the detection of subsurface defects. UT is commonly
used for fatigue testing during a part's lifespan in industrial contexts
such as aerospace [80]. Because of their short wavelength and accuracy,
ultrasonic pulses are widely used in NDT, especially for offline quality
assurance and real-time monitoring with data correlation across pro-
cesses. Although producing ultrasonic waves in AM requires more
equipment, UT may be scaled up with many transducers to cover more
prominent regions [77]. Dai et al. developed an in-situ Laser Ultrasonic
(LU) system for sub-millimeter crack detection in L-PBF, identifying
crack faults of approximately 0.5 mm depth. Additionally, Lamb wave
behavior facilitated the estimation of crack positions and dimensions
[81]. Additionally, the behavior of Lamb waves was used to estimate the
positions and size of crack defects. Using a Doppler vibrometer, Lv et al.
recorded ultrasonic waves produced by a pulsed laser in L-PBF with a
high signal-to-noise ratio [82]. Notably, UT holds promise as a metro-
logical tool for AM-produced parts, especially with materials prone to
large voids or porosities [83]. Offline metrology may utilize pulser/re-
ceivers, phased arrays of ultrasonic transducers, or lasers for ultrasonic
wave generation [84]. In an innovative in-situ application, Rieder et al.
attached a single ultrasonic transducer under the build plate to transmit
waves into the part, recording reflections with a pulse/receive unit,
which enabled the detection of simple void geometries during PBF [85].

As ultrasonic waves penetrate porous layers, they undergo scattering
and reflection, subsequently recorded and mapped to specific build
layers [86]. Defects such as cracking, delamination, and pore formation
can be detected by listening to AE during PBF processes. For instance, Ye
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et al. documented in situ AE monitoring of PBF of 304 stainless steel,
employing recorded acoustograms alongside optical micrographs for
comprehensive analysis [87]. Smith et al. further explored in-situ part
porosity through spatially resolved Acoustic Emission Spectroscopy
(AES) during PBF, providing qualitative data on part quality despite the
current limitations in precise defect quantification [88].

In addition to electromagnetic waves, mechanical wave-based tech-
nologies like Spatially Resolved Acoustic Spectroscopy (SRAS) and LU
imaging are effective NDT techniques for in-situ monitoring. SRAS and
LU imaging can identify and analyze various defect types, including
internal, surface, and subsurface defects. LU imaging, in particular, is
frequently used to determine surface geometry and morphology in AM
components. This technology combines laser generation and ultrasonic
sensing to provide high-resolution photographs of a material's internal
structure. The selection of UT methods, such as SRAS or LU imaging, is
significantly influenced by the manufacturing process, material char-
acteristics, and the unique capabilities of each UT technique, all of
which impact the success of defect identification and material charac-
terization in AM. Surface Acoustic Waves (SAWSs) are a fundamental tool
in SRAS, a laser ultrasonic method used to evaluate the elastic properties
of materials [89].

Acoustic-based monitoring provides unique access to subsurface and
internal defects, such as pores, cracks, and delamination, which optical
or thermal methods cannot reveal. Techniques like ultrasonic testing
and laser ultrasonic imaging (Fig. 4(d)) offer high spatial resolution and
depth penetration, enabling precise defect localization [90]. Limitations
include complex instrumentation, sensitivity to material heterogeneity,
and the need for careful sensor placement. While these methods are
effectively integrated into L-PBF, EB-PBF poses additional challenges
due to the vacuum environment and high substrate temperatures,
requiring specialized transducer arrangements or non-contact laser-
based setups for reliable in-situ monitoring.

4.4. Tomography-based monitoring

Tomography-based monitoring is being developed as an effective
tool for detecting defects in L-PBF processes, and it outperforms stan-
dard NDT methods like optical, infrared, thermographic, and acoustic
approaches. Optical and infrared monitoring, which identifies surface-
level defects, has limitations in the depth resolution needed to detect
subsurface or internal defects. Although thermographic techniques may
identify some near-surface thermal abnormalities, they are often
restricted in detecting deeper structural characteristics. While acoustic
monitoring methods help detect cracks or voids, they frequently need
direct material contact, which might interfere with the L-PBF process.

Tomography, particularly X-ray computed tomography, addresses
these challenges by acquiring high-resolution, volumetric pictures of the
structure, allowing for the diagnosis of surface and interior defects with
remarkable precision. Researchers and manufacturers may better un-
derstand L-PBF defect formation mechanisms by employing tomo-
graphic imaging to view layer-by-layer material deposition and discover
defects such as pores, inclusions, and cracks in real-time. This enables us
to provide quality assurance and adaptive process control, considerably
improving part dependability in high-performance applications.

A 3D model can be reconstructed from many 2D cross-sectional
photos obtained throughout the manufacturing process to generate
tomographic data for AM parts. PBF's underlying layer-by-layer
approach is ideally suited to tomographic techniques, allowing for
component analysis using optical or other imaging modalities at each
construction stage. Optical tomography, particularly at visible wave-
lengths, has successfully detected LoF defects during the melting process
[92]. Despite scan quality fluctuations, p-CT is a commonly used post-
fabrication metrology technology that provides non-destructive in-
sights into the interior structure of AM components [93].

Townsend et al. developed a method for producing areal data from
volumetric XCT scans of PBF parts to build intricate interior features,
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internal surface inspection, and quality evaluation [94]. p-CT/XCT
captures high-resolution X-ray images while the sample spins and re-
constructs them into a 3D model. This allows a detailed internal inves-
tigation without physical sectioning. This method is useful for detecting
interior problems, such as pores, cracks, and LoF defects, that are not
evident from the surface. Additionally, its high-resolution capacity
guarantees visualization of micron-scale features, which is crucial for
PBF components.

Furthermore, p-CT/XCT enables in-situ sensing throughout the PBF
process, detecting real-time defects like porosity, balling, and LoF [95].
Another tomographic technique suitable for in-situ monitoring is optical
coherence tomography (OCT), based on Coherence Scanning Interfer-
ometry (CSI). Neef et al. demonstrated OCT in a PBF process, which
allowed them to examine each layer's formed component surface, melt
pool, and powder bed [96]. Compared to other approaches, OCT is more
suitable for sub-micrometer resolution, improving fault identification
and assessment accuracy despite significant uncertainty in topograph-
ical details [97].

Tomography provides unparalleled insight into internal and surface
defects, offering high-resolution, volumetric imaging that surpasses
optical, infrared, thermographic, and acoustic methods. Its advantages
include non-contact, subsurface defect detection and the ability to
reconstruct 3D models for layer-by-layer analysis. Limitations include
high equipment cost, slower acquisition times, and complexity in inte-
grating in-situ setups. While tomography is effectively applied in L-PBF
(Fig. 4(e)), EB-PBF monitoring is more challenging due to vacuum
conditions and high temperatures, often requiring specialized X-ray or
optical arrangements to ensure reliable defect detection [91].

4.5. X-ray in-situ melt pool monitoring

X-ray in-situ monitoring has emerged as a critical approach for
observing melt pool dynamics and defect formation in PBF processes,
including porosity, solidification cracks, and other microstructural
anomalies. Unlike post-mortem inspection, in-situ X-ray imaging allows
real-time visualization of solidification phenomena at multiple length
and time scales, providing detailed insights into the process—structur-
e—property relationships essential for high-performance metallic com-
ponents. As highlighted by Karagadde et al., in-situ and operando X-ray
imaging can capture nucleation, dendrite growth, phase trans-
formations, and the evolution of defects during solidification [98].
Laboratory-based X-ray sources enable high-resolution imaging of
microstructural features, while synchrotron-based techniques offer fast
imaging of transient melt pool phenomena with sub-micrometer reso-
lution. These observations are invaluable for validating predictive
models and improving the understanding of defect formation

Table 1
Comparison of sensing modalities for defect detection in metal PBF processes.
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mechanisms in AM.

In parallel, 3D surface topography monitoring complements X-ray
techniques by providing practical, layer-wise insights into the AM pro-
cess [99]. Methods such as fringe projection, laser scanning, and multi-
view imaging allow detection of surface irregularities, powder layer
inconsistencies, and early indications of defects that may lead to
porosity or fusion problems. Although surface monitoring primarily
captures external features, its integration with X-ray imaging and other
sensing modalities can provide a more comprehensive defect detection
strategy. Together, X-ray in-situ monitoring and advanced 3D surface
techniques enhance our ability to understand, predict, and control de-
fects, supporting the development of mechanism-aware, high-quality
AM processes.

Table 1 summarizes the key in-situ and ex-situ monitoring tech-
niques discussed in this section. The table contrasts optical, infrared/
thermal, thermographic, acoustic, tomographic, and X-ray-based ap-
proaches in terms of spatial resolution, relative cost, detectable defect
types, key advantages, and inherent limitations for PBF processes.

5. Mechanistic, numerical, and simulation approaches

Computational modeling plays a pivotal role in advancing defect
detection and process understanding in AM, providing accurate pre-
dictions and reducing experimental effort in certification procedures.
Metal component production via AM involves complex transitions from
microscale particle interactions to macroscale part fabrication, spanning
multiple spatial and temporal scales—from microseconds during pow-
der melting to hours or days for full components. To address this
complexity, researchers have developed a wide range of mechanistic,
numerical, and simulation approaches, each tailored to capture critical
physical phenomena at specific scales [100].

These methods are commonly categorized into micro-, meso-, and
macroscale models, each offering unique insights into AM process dy-
namics [101]. Microscale models focus on melt pool behavior, layer
formation, temperature fluctuations, and microstructure evolution.
Macroscale models capture residual stresses, part distortion, and overall
thermal cycles, enabling prediction of component-scale effects. Meso-
scale models bridge these extremes, connecting local phenomena to
global outcomes. By systematically reviewing these approaches, this
section highlights the state-of-the-art computational strategies that un-
derpin defect detection, process optimization, and quality control in PBF
AM.

At the macroscale, models are focused on estimating residual stresses
and distortions generated by heat loads during the process. Unlike
microscale models, macroscale techniques primarily concern heat cy-
cles, allowing for more straightforward physics with coarser

Technique Typical spatial Relative cost Detectable defects

resolution

Key advantages Main limitations

Optical (Visible High (~5-25 pm/ Low-Medium

Surface defects, recoater streaks,

Low cost, high spatial resolution, Surface-only, sensitive to

easy integration, effective for layer-  spatter/lighting, limited in EB-
wise monitoring PBF

Captures subsurface thermal Emissivity-dependent, lower
signatures, robust under bright laser  spatial resolution, challenging in

cameras) pixel) balling, layer shifts, surface cracks
Infrared/Thermal Moderate (~50-100 High Lack-of-fusion, overheating,
pm/pixel) keyhole instability (indirect),
thermal anomalies
Thermography/ Moderate-High Medium-High Melt pool instability, hot spots,
Pyrometry (process dependent) thermal gradients linked to pores/

Acoustic (AE/UT/
LU)

Tomography (XCT/
OCT)

In-situ X-ray
(Synchrotron)

Moderate (sub-mm)

Very high (~1-10 pm)

Very high (pm-scale)

Low-Medium

Very High

Extremely
High

cracks
Internal pores, cracks,
delamination, spatter events

Internal porosity, LoF, cracks,
inclusions, 3D defect morphology
Keyhole pores, gas bubbles,
solidification cracks, melt pool
dynamics

emission
High temporal resolution, suitable
for process control

Subsurface sensitivity, non-optical,
suitable for internal defect detection

Full volumetric insight, high
accuracy, non-destructive
Direct observation of defect
formation mechanisms

EB-PBF
Requires calibration, sensitive to
emissivity and optics fouling

Complex signal interpretation,
noise sensitivity, localization
challenges

High cost, slow acquisition,
limited in-situ applicability
Limited to research facilities,
small FOV, not industrially
deployable
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discretization suited for modeling complete industrial components
[102,103]. Fig. 5(a) shows temperature field modeling at the laser scan
track cross-section, demonstrating how these computational methods
handle thermal gradients crucial to part integrity.

5.1. Heat input modeling

Heat input modeling is critical in powder-based AM techniques,
where high-density energy beams melt the powder. Like those used in
fusion welding, established heat source models from welding simula-
tions can work well with sophisticated AM processes. Goldak and Akh-
laghi studied various heat source models in welding situations,
providing valuable insights for AM applications [104]. This procedure
includes predicting the distribution and absorption of heat, which is
critical since uneven heat input can result in defects like bending,
porosity, and microcracks in the final product. Researchers use mathe-
matical representations of heat flow to describe heat input accurately,
such as surface and volumetric Gaussian models, which reflect how the
laser's energy penetrates and disperses throughout the material.

Accurate heat input models provide more control over the size and

- +5 1000400
+1. 3308
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temperature of the melt pool, allowing for defect reduction by changing
factors like laser power and speed to optimize material melting and
solidification. These models, which analyze heat dispersion in L-PBF, are
essential in improving component quality and dependability in
advanced manufacturing applications. In laser-based AM, numerous
heat flux models are used to satisfy the requirements of different laser
types and applications. Fu et al. provide an overview of standard laser
heat flux models, such as surface, volumetric, and conical flux types.
Fig. 5(b) demonstrates a laser cut prediction for clarity [105].

The literature further explores alternative heat flux models,
including volumetric Gaussian flux (Fig. 5(c)) [107,109], parabolic heat
distribution [110], and other laser-based geometries tailored to AM
specifications [111]. In EB-PBF, volumetric heat flux models, particu-
larly those with Gaussian distributions, are preferred due to the beam's
capacity for deeper material penetration.

Recent work has introduced more sophisticated heat source models
that account for laser-powder interactions and beam characteristics. For
example, volumetric heat sources based on Monte Carlo ray-tracing and
electromagnetic wave absorption have been developed to capture how a
laser's energy is absorbed through the depth of the powder bed [112].

Fig. 5. (a) Temperature field in the cross-section of laser scanning track [106], (b) Representative prediction of laser cut kerf and comparison between predicted and
measured striated surfaces [105], (c) Cube example after 12 layers deposited, Tzz stress [MPA] [107], (d) Snapshots of spot melting in a powder bed at different time
steps; the beam pulse duration in 2500-time steps, (e) 5000-time steps (f) 10,000-time steps [108].
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Such models show that powder layer thickness and multiple reflections
significantly affect the vertical energy distribution, deviating from a
simple exponential decay. Monte Carlo approaches have even been
extended to EB-PBF, revealing phenomena like particle eruptions under
electron irradiation [113]. Moreover, beyond the standard Gaussian or
Goldak's double-ellipsoid heat source, new parameterized shapes (e.g.,
conical and depth-decaying profiles) and hybrid heat source models
spanning conduction and keyhole regimes have been proposed to better
represent shallow vs. deep melt pools [114]. To use these advanced
models effectively, calibration across different process settings is
essential.

Physics-informed ML techniques are emerging to calibrate heat
source parameters over wide process windows without repeated ex-
periments. For instance, Bayesian optimization and regression have
been employed to tune volumetric heat flux profiles (effective absorp-
tivity, shape dimensions, etc.) so that a single heat source model remains
valid for various laser powers and scan speeds [114,115]. This approach
eliminates the need to re-fit the heat source for each condition, signifi-
cantly broadening the predictive capability of thermal FE simulations.
Notably, effective laser absorptivity in a powder bed is higher than on a
flat plate due to multiple scattering and the laser trapping in vapor de-
pressions; models calibrated with in situ measurements confirm ab-
sorptivity can nearly double (e.g., from ~0.35 to 0.7 for stainless steel)
when transitioning from conduction to keyhole mode [115]. By incor-
porating such physical insight, modern heat input models improve the
accuracy of temperature field predictions and lay a more reliable
foundation for downstream melt pool and stress analyses.

From a defect detection perspective, heat input models provide
critical thresholds for identifying conditions that promote lack-of-fusion
porosity, keyhole instability, or excessive evaporation. By correlating
simulated energy density distributions with experimentally observed
defects, these models establish process windows that support both
physics-based defect prediction and the interpretation of in-situ thermal
and emission signals.

5.2. Temperature gradient modeling

Temperature changes during AM fabrication are critical, affecting
melt pool formation, microstructure development, stress distribution,
and part distortion. Although directly detecting immediate temperature
offers difficulties, thermal modeling has been widely researched. Zeng
et al. shared an in-depth review of thermal modeling techniques [116],
encompassing FE-based [117], finite volume (FV)-based [118], and
Lattice Boltzmann method (LBM) approaches [108,119].

Zeng et al., in particular, rigorously validated their LBM technique
for rigorously simulating the EB-PBF process in AM. The validation
process comprised developing two electron beam absorption algo-
rithms—constant and exponential—based on electron beam properties
such as acceleration voltage and energy dissipation, which ensured ac-
curate penetration and absorption dynamics predictions across beam
intensities [108]. These algorithms were carefully evaluated against
analytical solutions to ensure the model's reliability.

Further validation entailed modeling interactions inside a powder
bed, emphasizing critical characteristics such as melt pool formation,
energy distribution, and beam-material interactions. The model's melt
pool size, form, and duration predictions were then compared to
empirical results, which closely matched the experimental data and
validated the computational outputs against observed behaviors. Fig. 5
(d, e, and f) depicts Zeng et al.'s research on spot melting in PBF during
simulation. To maintain integrity and precision, any robust prediction
model must have a trustworthy heat flux model, correct material pa-
rameters, and thorough heat transfer dynamics. Temperature gradient
models provide the foundation for understanding thermal distributions,
which underpin melt pool dynamics; thus, melt pool simulations can be
considered a detailed, localized case of temperature field modeling
incorporating fluid flow, surface tension, and Marangoni effects.
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Temperature gradient models play a key role in supporting defect
detection by providing reference thermal fields against which in-situ
infrared, thermographic, and pyrometric measurements can be inter-
preted. These models help distinguish true process-induced anomalies
from measurement artifacts related to emissivity variations or limited
sensor resolution, thereby supporting sensor calibration and improving
confidence in temperature-based defect indicators.

5.3. Surface roughness modeling

The surface quality of PBF-fabricated parts is another aspect
receiving attention in modeling. The as-built surface is often irregular
due to partially fused particles and track instabilities, which can reduce
fatigue performance. While a part's global geometry is set by the CAD
model, the microscale surface topography is a by-product of melt pool
fluid behavior and ejected material. High-fidelity melt pool simulations
have recently been used to predict surface morphology. By tracking the
free surface of the molten metal and its solidification, these models can
reproduce the waviness of scan tracks and the formation of surface beads
or ripples. For example, simulations in FLOW-3D showed that a com-
bination of capillary action and gravity leads to a slightly convex bead
profile, and the predicted melt track height and width matched well with
experimental cross-sections [120].

Such predictions are valuable for estimating surface roughness
without costly builds. Another contributor to surface roughness is
spatter, droplets of ejected melt that land and fuse onto the top surface.
Comprehensive CFD models that include recoil pressure-driven melt
ejection can capture the size and trajectory of spatter particles [121]. By
coupling these models with Lagrangian particle tracking or discrete
droplets, researchers have started to simulate spatter deposition on the
powder bed and resulting surface defects. For instance, numerical
studies have shown that high laser power keyhole regimes produce
larger melt ejections, which, upon redeposition, create protrusions on
the layer surface [122].

These insights align with experimental observations of increased
surface roughness at higher energy densities despite better melting, due
to the presence of re-solidified droplets. Finally, some models link pro-
cess parameters to an expected roughness value (R, or S,) by simulating
a few layers and statistically characterizing the top surface profile. This
provides a virtual metrology tool to optimize parameters for smoother
surfaces. As computing capabilities grow, it is foreseeable that multi-
physics PBF simulations will concurrently predict not only internal
properties (microstructure, porosity, residual stress) but also external
surface finish, providing a comprehensive understanding of part quality.
Each of the modeling approaches discussed - thermal, fluid, mechanical,
microstructural, and surface — forms a piece of the overall PBF simula-
tion puzzle. The ongoing integration of these models, aided by reduced-
order techniques and data-driven enhancements, is steadily pushing us
toward a true “digital twin” of the PBF process, wherein all key phe-
nomena can be simulated and controlled [123].

Surface roughness is a critical factor in determining the texture of
AM components, having a significant effect on fatigue performance.
Todhunter et al. investigated major surface texture characteristics often
employed in industry, focusing on the functions of R, (arithmetic
average roughness) and Sa (arithmetical mean height). The R, param-
eter, which determines the arithmetic mean of height deviations from a
central baseline over a given surface length, is especially useful for
characterizing roughness. In contrast, S;, an areal roughness measure,
provides improved dimensional insights by considering the texture over
a specific region [124]. Accurate modeling of surface roughness, which
considers characteristics like R, and S, requires addressing complicated
multiphysics interactions. Wei shares an extensive examination of sur-
face phenomena and underlying mechanisms that influence surface
roughness in the context of welding, giving insight into parallel aspects
pertinent to AM processes [125]. Surface roughness models further
support defect detection by explaining variations in optical reflectivity
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and infrared emissivity, which directly influence the interpretation of in-
situ imaging and thermal monitoring signals used for surface defect
identification.

5.4. Melt pool modeling

Melt pool modeling represents a localized and detailed application of
temperature field simulations, focusing on the molten region where
thermal gradients, fluid flow, surface tension, and Marangoni effects
interact. Understanding melt pool dynamics is critical for predicting
microstructural evolution, defect formation, and overall part quality in
AM. In this section, we review computational approaches and experi-
mental validations that capture melt pool geometry, thermal-fluid
behavior, and solidification phenomena.

Creating melt pools in AM procedures plays a fundamental role in
shaping the microstructural integrity of produced components. Melt
pool geometry is influenced by process parameters like hatch spacing
and layer thickness, which also help identify microscale defects such as
LoF between neighboring scans or layers. Understanding thermal fluid
dynamics inside the melt pool provides insights into microstructural
properties such as grain shape, microcracks, partly melted powders, and
porosity. Helmer et al. discovered correlations between melt pool ge-
ometries and grain morphology under specified processing settings,
revealing the impact of thermal dynamics on the final microstructure.
Fig. 6 depicts pole figures in 2D from simulation studies, which capture
the effect of energy factors on grain formation [126].

Studies by King et al. [127] and Markl and Korner [128] provide a
comprehensive overview of powder-level simulation techniques,
including methods like the LBM, discrete particles method, FV method
[129], and computational fluid dynamics (CFD) method [130].
Conversely, continuum models represent powders as low-thermal-
conductivity solid continua to reduce computational complexity.
Notable examples of continuum modeling include FE method simula-
tions conducted by researchers for L-PBF and EB-PBF processes
[131-133].

(a)
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Fig. 6. Representative pole figures in the XY-plane: (a) Columnar grains. Parameters: EA = 1.8 J mm~

rameters: EA = 1.9Jmm’2, v=28.38 ms’l, Loff 1/437.5 mm [126].
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Based on the literature, Repossini et al. investigated maraging steel
melt pool behavior using high-speed off-axis in-situ imaging [134]. The
melt pool dynamic is mainly governed by capillary and Marangoni
forces, evaporation pressure, and powder particle wetting ability, as
observed by Scharowsky et al. [135]. The melt pool shape and size were
calculated using heat conduction models [136], which do not account
for the effect of melt metal convection, which is frequently the primary
mechanism of heat transfer within the melt pool [7]. Their work illus-
trated how the LoF defects during PBF can be minimized by using heat
transfer and fluid flow calculations LoF in the L-PBF, and it presents a
methodology to predict and prevent these defects based on a numerical
heat transfer and fluid flow model for the L-PBF. These defects can be
avoided by adjusting laser power, scanning speed, layer thickness, and
hatch spacing.

Lee and Zhang pioneered the development of an FV model to analyze
both the geometry of melt pools and the morphology of grains within a
dual-track L-PBF process [137]. Their model incorporated multiple re-
flections to enhance the simulation of laser-material interaction. The
relatively little heat input kept the melt pool regime in a steady, shallow-
depth state, notwithstanding these advances.

Qiu et al. used an FV model to investigate the impact of laser scan-
ning speed on porosity levels in further detail [138]. Similarly, they
continued concentrating on high laser speeds, producing shallow melt
pools. Leitz et al. used an FE model to investigate the effects of different
powder properties on melt pool geometry [139]. Simultaneously, Mat-
thews et al. investigated the denudation of powder under various pro-
cess conditions using a FEM-based model [140]. In a fundamental
inquiry, Wu et al. scrutinized the effect of evaporation on melt pool
profiles within a single-track L-PBF process [141]. Moving further, Bayat
et al. modeled the evolution of lack-of-fusion voids across a multi-track,
multi-layer L-PBF process [142].

Shen and Chou's work on electron beam and thermal modeling for
Ti6Al4V, and then they go for comparison with numerical results, which
were obtained by Wang et al. [143]. Their finite element model correctly
anticipated the melt pool size for the 316L stainless steel LENS process.
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Shen and Chou [144] went deeper into numerical analysis, investigating
the impact of porosity and beam diameter on melt pool size in EB-PBF.
They found that increasing porosity, which indicates higher powder
density, resulted in higher temperatures, deeper melt depths, and
shorter melt pool lengths.

Expanding upon the thermal model introduced by Shen and Chou
[144], subsequent research enhanced mechanical properties to simulate
residual stresses in the EB-PBF process of Ti6Al4V [145]. This
advancement incorporated temperature-dependent Young's modulus,
thermal coefficient, and yield stress. Introducing cooling phases and
employing the element activation technique enabled the simulation of
layer-by-layer manufacturing. To distinguish between variations in melt
pool dynamics, another research used computational thermal-fluid dy-
namics simulations in conjunction with single-bead melting experiments
in EB-PBF and L-PBF [146]. The highest temperatures in L-PBF molten
pools were substantially lower than those in their EB-PBF equivalents.
Variations in preheating temperature also affected the vapor recoil
pressure; on the melt surface, the effect was exacerbated by ambient
pressure and numerous laser reflections in L-PBF.

In contrast to FE and its subset discrete element method (DEM), to
simulate powder-based AM processes, other methods, like Molecular
Dynamics (MD) modeling, can handle rotational degrees of freedom,
non-spherical particles, and polydisperse particle systems. While there
are some similarities between DEM and MD, there are also significant
differences, with DEM providing a wider variety of particle system
properties [147]. Another popular particle-like technique is Smoothed
Particle Hydrodynamics (SPH) [148]. Fluid and solid mechanics may be
simulated using SPH since particles in the model have a spatial
smoothing length across which a kernel function interpolates their
characteristics [149]. Also, to integrate all of them, multiphysics
modeling and simulation in this context can be proposed, like this
article, to incorporate all aspects of different approaches in all scales
[150].

Melt pool modeling represents one of the most direct numerical links
to defect detection in PBF processes. Simulated melt pool geometry,
stability, and lifetime are strongly correlated with defect mechanisms
such as lack-of-fusion porosity, keyhole-induced voids, balling, and
spatter formation. By establishing quantitative relationships between
process parameters, melt pool dynamics, and defect occurrence, these
models enable the prediction of defect-prone regimes and provide a
physical basis for interpreting in-situ optical, thermal, and acoustic
signatures associated with melt pool instabilities.

5.5. Micro structure modeling

Heat input, temperature gradients, surface roughness, and melt pool
characteristics are all essential parts of microscale process modeling,
given that they provide vital insights into the following microstructures.
Specific microscale models go further into the evolution of microstruc-
tural characteristics, concentrating on elements such as fractional phase,
solidification phase, and porosity. Basak et al. investigated the highly
sensitive microstructural properties of metal AM. They identified sig-
nificant factors influencing component quality, such as porosity,
unmelted particles, grain anisotropy, balling effects, microcracks, and
material inhomogeneity. Porosity remains an essential concern because
it directly impacts AM-fabricated components' mechanical characteris-
tics and overall performance [151].

The field of porosity modeling is still largely unexplored despite its
importance. Phase field (PF) approaches are most commonly used by
researchers worldwide to handle solidification processes [152,153].
These approaches typically use FV or FE techniques with cellular
automata (CA) models [154]. Boettinger et al. provide a thorough
description of these methods [153]. Tang et al. developed a geometry-
based model to predict porosity from LoF in powder bed AM pro-
cesses, which was enhanced by analytically determined melt pool di-
mensions. This model explains porosity in terms of hatch rotation, hatch
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spacing, layer thickness, and melt pool dimensions. The geometry of the
melt pool is determined via computational modeling or experimental
measurement. In addition to the absence of fusion, many other param-
eters significantly impact porosity [155].

Barsoum employed a two-dimensional model to simulate a multi-
pass welded tabular joint structure afflicted by LoF, unveiling the pro-
found impact of LoF size on the structure's fatigue life [156]. Modeling
fusion is correlated with the weld or melt pool profile in material pro-
cessing. Wu et al. proposed a free surface profile model by minimizing
the total [157]. Numerous researchers have directed efforts toward
capturing the beam profile and beam overlap to establish a more
physics-based model for investigating fusion or penetration conditions,
modeling the weld bead cross-section as a half-circle [158], parabola
[159], or sine/cosine function [160], with the actual shape contingent
upon the energy input rate and processing speed. In light of this un-
derstanding, the PF method—which has shown effectiveness in simu-
lating several microstructure evolution issues, including dendritic
solidification and grain growth—becomes a suitable means of modeling
the metal AM process.

Several attempts have been made to apply PF simulations to AM
processes. Gong et al. and Sahoo et al. created a PF model to simulate the
consolidation process of Fe powder [161,162], and Krivilyov et al.
simulated the dendritic growth of Ti-6Al-4V alloy in an electron beam-
induced melt pool [163]. Fig. 7 provides a representation of dendritic
structure growth during simulation.

Early models of KH synthesis typically assumed a static equilibrium
condition, assuming an energy-pressure balance within the KH genera-
tion process [164]. Recent models incorporate Fresnel absorption and
reflection effects along KH walls, increasing the accuracy of simulated
KH profiles [165]. Lankalapalli et al., for example, developed a two-
dimensional heat conduction model based on the conical KH form,
allowing for precise penetration depth estimates [166]. Ki et al. created
a KH vapor/liquid interface development model using the level-set
technique, which is a more computationally efficient alternative to the
volume-of-fluid (VOF) method [167].

In laser welding, the change from conduction to KH mode occurs
when laser radiation exceeds certain threshold parameters. King et al.
studied the parameters required for KH formation, experimentally
testing their models with 316L stainless steel and applying known
welding models to L-PBF procedures. [168]. Watari et al. developed a
metal powder-bed fusion simulation based on a two-fluid model as part
of the TRAFAM project, which efficiently addresses KH-induced
porosity, plume, and spatter formation caused by interfacial pressure
variations between gas and liquid phases [169].

Kruth et al. [170] emphasized the balling phenomena commonly
linked with porous materials in PBF processes. While Teng et al.
explored numerous modeling techniques for balling effects and KH
phenomena, a significant gap exists in models that link these processes
to porosity development. This divergence hinders efforts to identify
unmelted particles or voids during PBF processes, emphasizing the
importance of more complete models incorporating balling and KH ef-
fects to forecast and minimize porosity within PBF approaches [171].

Recent advances in numerical modeling utilizing the finite element
(FE) approach, which includes characteristics such as powder packing
density and size distribution, have improved the accuracy of forecasting
defects such as porosity [172,173]. Tan et al. [185] made significant
advances by creating a numerical model to investigate porosity growth
across different energy regimes in single-track scans. They verified their
model by comparing computational findings to accurate data, empha-
sizing melt pool features and porosities in low- and high-energy density
scenarios. To do this, this study simulated the melting and solidification
processes of SS316L powders, using the discrete element method (DEM)
and CFD approaches to examine porosity creation during L-PBF opera-
tions. Three different process parameter sets were chosen to model
various energy densities, and the resulting melt pool dimensions were
compared to experimental data. The model validation showed great
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Fig. 7. Simulated dendrite structure growth at different times: (a) 0.01 ms, (b) 0.2 ms, and (c) 1.6 ms [161].

accuracy, as the generated melt pool width and depth closely matched
experimental observations, with an error margin of up to 7.9%. This
level of accuracy demonstrated the model's capability to show essential
thermal and fluid dynamics in laser L-PBF correctly. Additional valida-
tion was gained by comparing pore characteristics to the model, which
effectively predicted the shape and placement of porosities under both
low- and high-energy density situations.

Further, for micro-sized parts fabricated using EP-BF, fatigue lifetime
investigations used a combined machine learning (ML) and FE modeling
approach, providing insights into how random porosity distributions
and high surface roughness impact fatigue performance [174,175].
While the random distribution of porosity poses challenges in experi-
mental analysis due to micro dimensions, numerical techniques like FE
analysis offer insights into porosity effects. For instance, Wan et al.
proposed a multi-scale damage mechanics model to predict the fatigue
lifetime of L-PBF Ti6Al4V, exploring the impacts of building orientation
and gas porosity [176].

Qi et al. used a simplified model of scanning techniques and
component orientations to analyze defects like porosity or delamination
preliminarily. Their methodology comprised counting the components
still at the melting point and classifying them as faults. They also
developed rotating scanning modes and splitting to improve component
quality [177]. Moreover, overhang geometries and reasons for overhang
warping were examined using activation techniques in thermo-
mechanical modeling for Ti6Al4V during the EB-PBF process, consid-
ering the impact of powder porosity [178]. These analyses revealed that
residual stress decreased as powder porosity decreased, with slower heat
dissipation contributing to higher residual stresses [179].

Building upon the PF and CA approaches described above, coupled
Cellular Automata-Finite Element (CAFE) frameworks use local thermal
histories from macroscopic simulations to predict grain nucleation and
growth within each layer. These methods have successfully reproduced
columnar prior-p grain structures and epitaxial growth in LPBF Ti-6Al-
4V, consistent with EBSD observations [180].

In more detailed formulations PF simulations are employed to cap-
ture dendritic solidification microstructure under LPBF conditions. A
recent study by Pourmand et al. demonstrates a multiscale PF frame-
work. A finite-volume CFD model provides the solidification parameters
(temperature gradient G and solidification velocity V) to a microscopic
phase-field simulation, enabling prediction of cellular/dendritic struc-
tures in a Fe—Cr alloy [181]. The PF model was able to simulate the
transition from planar to cellular solidification and predict primary
dendrite arm spacings in close agreement with analytical solidification
models and experimental measurements. Importantly, it captured how
higher laser energy (in conduction mode) led to larger cell spacing and
more well-developed cellular microstructures, which correlates with
increased melt pool stability.

Parallel efforts using multi-phase-field models report similar success
in predicting features like primary and secondary dendrite arm spacings,
melt pool edge grain morphologies, and columnar-to-equiaxed transi-
tion under different cooling conditions [130]. In addition to phase-field,
fast Cellular Automaton models (often 3D and highly parallelized) are
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gaining traction for larger domains. They can approximate grain struc-
ture in whole parts by assigning state update rules governed by local
thermal conditions. Recent works have combined 3D CA with efficient
heat flow calculations to simulate grain structures in entire thin-walled
components, capturing texture evolution across thousands of layers
within reasonable computation [182,183].

There is also a move to integrate microstructure modeling with ML.
for example, using neural networks to emulate the outcome of phase-
field simulations under various cooling rates, or to invert the proc-
ess-structure relationship (predicting needed process settings for a
target microstructure) [184]. While still emerging, such hybrid data-
driven approaches could dramatically speed up microstructure predic-
tion for process optimization. Finally, it's worth noting that EB-PBF can
involve different microstructure outcomes (e.g., larger prior-f§ grain size
due to slower cooling and elevated base-plate temperature). Modeling
approaches similar to LPBF have been applied to EB-PBF. Yan et al.
developed a process—structure-property simulation framework for Ti-
6Al-4V in EB-PBF, which integrated thermal modeling, grain growth
modeling, and property prediction into an end-to-end tool [123]. Such
integrated models can predict final build yield strength and fatigue life
based on the simulated microstructure, highlighting the ultimate goal of
microstructure modeling, to feed into performance predictions.

Microstructure models further strengthen defect detection frame-
works by linking thermal history and solidification conditions to
porosity morphology, grain anisotropy, and microcrack formation.
These predictions support post-process defect quantification and enable
indirect defect inference from microstructure-sensitive signals such as
thermal gradients and acoustic emissions.

5.6. Residual stress modeling

Addressing residual stress in macroscale modeling is crucial for
metallic components manufactured using AM methods. The inherent
non-uniformity in heat distribution and fast temperature variations
during manufacture provides significant tensile residual stress within
the component. This process causes part deformation and the creation of
microcracks. The consequences are a pair of ways that affected the
geometrical correctness of the component and degraded the functional
performance of the finished product. Pioneering efforts by Zaeh's team
resulted in the development of the “equal layer” method [185], facili-
tating the simulation of residual stress and distortion in a steel cantilever
beam fabricated via L-PBF. Meanwhile, Stucker's group introduced an FE
solver leveraging numerical eigenmodes to accelerate AM process sim-
ulations [186].

In parallel, Michaleris's team [187], along with Mercelis & Kruth
[46], formulated a simplified mathematical model to probe residual
stresses. This model predicted the general properties of residual stresses
while operating under several assumptions, such as uniform stress dis-
tribution inside each layer and production at room temperature. Using a
2D FE approach, Matsumoto et al. examined the top view of powder
melting and its effects on residual stress production in their early studies
of residual stresses during L-PBF [188].
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One major challenge is the disconnect in scale between melt pool
physics and part-scale stresses — fine-scale features like melt pool ge-
ometry and scan strategy affect local stress, but simulating an entire part
with full melt pool resolution is impractical [123]. Recent efforts have
introduced multiscale frameworks to alleviate this mismatch. For
instance, “minimal element” models simulate a small region (a few
layers) with detailed physics to extract thermal strain increments, which
are then applied to a larger part model. A notable approach along these
lines is the Inherent Strain Method, originally from welding, adapted for
layer-by-layer AM. In the inherent strain approach, one first computes
the inelastic strain accumulated in a representative volume (via a
detailed thermal-mechanical simulation of a few scan layers or tracks),
then embeds those strains as a predefined expansion/contraction in a
coarse part-scale model [189].

Over the past few years, the modified inherent strain method (MISM)
has been refined to capture the peculiarities of PBF processes [190].
Unlike the classical method (which assumed a constant plastic strain
after cooling), MISM treats inherent strain as dependent on the thermal
history of each layer. It separates contributions from thermal shrinkage
and plastic deformation, applied layer-wise, to better mimic the accu-
mulation of stress in a tall build [191]. This layer-by-layer inherent
strain application greatly improves distortion predictions for additive
builds. For example, Dong et al. showed that incorporating temperature-
dependent material properties into the inherent strain calibration
(applying the strain at an intermediate elevated temperature rather than
only at ambient) reduced residual stress prediction errors from ~46%
down to ~9% in a benchmark wall, and similarly cut distortion error
from ~30% to ~8% [192]. More recently, an Inherent Strain Rate
Method (ISRM) has been proposed to include viscoplastic, rate-
dependent effects in the strain calculation. By treating the inelastic
strain increment as a rate-dependent quantity (accounting for creep/
relaxation during layer deposition), ISRM can capture time-dependent
stress relaxation that MISM ignored, further enhancing accuracy in re-
sidual stress and deformation predictions [193].

These improvements do incur higher computational overhead (e.g.,
the advanced two-step MISM procedure increased solve time by ~5x),
but they remain far cheaper than a fully explicit melt-pool-scale simu-
lation of an entire part. In practice, many commercial AM simulation
tools now implement some form of inherent strain or sequential ther-
mal-mechanical approach, allowing engineers to predict warpage,
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residual stress distributions, and even crack-prone regions in complex
geometries. Additionally, researchers continue to explore hybrid
modeling for mechanics, such as combining analytical solutions with
finite element results to expedite calculation of part-scale stress fields
[194]. The overall trend is toward multi-scale thermo-mechanical
modeling. Using high-fidelity sub-models to inform efficient part-scale
simulations, thereby achieving both accuracy and tractability.

5.7. Other approaches

In addition to the previously mentioned approaches, additional
views should be considered. One such technique is to examine the
packing density of the powder layer, which is an essential element
determined during the powder-spreading process [195]. This density
considerably impacts the interaction of powder particles with the heat
source or binder, which in turn influences the characteristics of the
finished components. Denser powder layers, for example, provide more
stable and continuous fusion in L-PBF [196] and EB-PBF [197],
decreasing defects in manufacturing such as balling, shrinking, and
porosity. As a result, modeling the powder-spreading process becomes
an appropriate choice. Fig. 8 shows one of the results of a non-uniform
single track from the top view.

Some researchers have turned to experiments and numerical simu-
lations to overcome the challenge of directly measuring the packing
density of thin powder layers. These investigations focus on studying
powder packing density under conditions resembling powder heaps,
where particles naturally form piles [198] or are deposited in cylinders
[199], or rectangular containers [200], with dimensions several orders
larger than the powder size.

Beyond providing mechanistic insight, multiscale models play a
critical role in supporting data-driven defect detection frameworks.
Simulated melt pool geometry, thermal gradients, and solidification
conditions can be used to generate physically meaningful features and
synthetic datasets for training ML models. In this way, numerical
modeling serves not only as an explanatory tool but also as a direct
enabler of defect detection by generating physically consistent synthetic
datasets, defining defect labels, and bridging raw sensor signals with
data-driven classification models, particularly when experimentally
labeled defect data are limited.

To support a horizontal comparison across the modeling landscape,
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Fig. 8. Simulation results of the formation process of a nonuniform single track [201].
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Table 2
Comparative summary of representative mechanistic and numerical modeling approaches for PBF-AM.
Process Model category Scale Numerical method Software/code  Material Defects Key outputs Validation Ref.
L-PBF Thermal fluid Powder/track- FE/VOF CFD LLNL ALE3D 316L Keyhole pores, spatter 3D powder-scale: recoil-pressure flow — keyhole depression Qualitative match to observed spatter/pore [202]
(keyhole) scale (3D) (ALE3D) + pore/spatter mechanisms; multiple pore modes. trends
L-PBF Keyhole stability Track-scale (in In situ X-ray + CFD APS + in-house Ti-6Al-4V Keyhole pores X-ray showed keyhole collapse at turn-arounds traps gas — Synchrotron X-ray + ex situ pore [203]
situ) pores; power modulation stabilizes keyhole depth. quantification; mitigation validated by
reduced porosity.
L-PBF Keyhole stability Track-scale (in High-speed X-ray + APS + modeling Ti-6Al-4V Keyhole pores Identified keyhole-tip oscillations above threshold — cavity In situ X-ray, compared with modeling/ [204]
situ) analysis/CFD instability + pore pinch-off; cross-material trends. analysis of instability thresholds.
L-PBF Keyhole threshold Track-scale (in In situ X-ray APS Ti-6Al-4V Keyhole pores Mapped conduction keyhole transition; deep unstable X-ray keyhole morphology + ex situ XCT ~ [205]
situ) imaging keyhole above threshold; pores cluster near turn points; pore stats.
normalized enthalpy proposed.
L-PBF Thermal (FE) Track/layer- 3D transient FE ABAQUS - Melt pool overlap Early 3D FE: transient T-field + melt pool size; scan spacing/ Melt pool dims vs micrographs; absorptivity [206]
scale (LOF risk) layer reheating govern overlap + gradients. calibration required.
L-PBF Residual stress Layer/part- Analytical + FE ABAQUS Ti-6A1-4V Distortion, cracking ~ Analytical residual stress trends + FE layer accumulation;  Distortion + XRD stress trends (qualitative). [46]
(analytical + FE) scale risk scan alternation reduces warpage.
L-PBF Residual stress/ Part-scale Multi-scale FE + ABAQUS + subs Ti-6Al-4V, Distortion, stress Multi-scale FE predicts residual stress + distortion for Neutron diffraction + deformation [207]
distortion inherent strain IN718 complex parts; scan optimization reduces peaks. measurement.
L-PBF Thermo-mech Multi-scale Survey (FE Multiple Various Stress/distortion Review of FE approaches: activation/inherent strain; Cross-study comparisons to literature [208]
(reviewed FE) methods) sensitivity to absorptivity/material data. measurements.
All Multi-physics Multi-scale FE/CFD/CA/PF - Various Multi-defect Thermal-fluid — microstructure — properties; gaps in Reviews validation approaches across [7]
modeling (review) predictive/control readiness. studies.
All Fundamentals Multi-scale Analytical + - Various Multi-defect melt pool-powder interaction, thermal gradients; early Literature correlation (qualitative). [209]
(overview) numerical modeling landscape.
L-PBF Microstructure Track/layer- 3D PF + nucleation Custom 316L Grain evolution 3D PF predicts competitive epitaxy + remelt/re-nucleation; EBSD + thermal/melt pool trend [210]
(phase-field) scale (3D) nanoparticle refinement captured. comparisons.
L-PBF Microstructure (CFD Track-scale CFD — PF coupling OpenFOAM +  Fe-17Cr Dendrite morphology Melt pool CFD feeds PF: predicts PDAS/SDAS + remelt effects SEM dendrite spacing/morphology [181]
+ PF) MICRESS (single vs overlap). (~10-15%).
DED/ Microstructure (FE + Multi-layer wall FE thermal - CA  SYSWELD + CA 921A steel  Grain/phase maps FE thermal cycles drive CA grain growth + phase evolution; Metallography + hardness profile (good [211]
WAAM CA) predicts spatial gradients. trend match).
DED/ Microstructure + Multi-layer wall FE + kinetics + MSC Marc Low-C steel ~ Phase fraction, Thermal history — martensite fraction + grain size — Microhardness + microstructure maps [212]
WAAM hardness hardness hardness hardness gradients (top vs bottom). (~15% grain size).
L-PBF ML-enhanced Part/track FE + NN surrogate ABAQUS + IN738 Thermal stability NN surrogate predicts thermal histories fast; enabled real- Compared vs FE + thermocouples; closed- [213]
thermal (surrogate) Python time adjustment to stabilize pool temperature. loop validated by IR.
DED/ ML-enhanced (PINN) Part/layer PINN (physics- TensorFlow ER70S-6 Thermal control PINN predicts temperature fields ahead in time; transferable FE + IR thermal validation; control-ready. [214]
WAAM thermal field  informed) across geometries.
L-PBF Thermal-fluid (SPH) Powder/track- Multi-res SPH Custom 316L Keyhole, spatter Multi-res SPH captures melt flow, keyhole onset, spatter/  Qualitative imaging/X-ray consistency; pool [215]
scale denudation trends vs power. dims ~10-15% vs literature.
PBF Thermal-fluid (LBM) Powder-scale  LBM In-house Ti-6Al-4V LoF, balling LBM resolves powder melting/wetting; predicts LoF Micrograph-based qualitative agreement;  [216]
(meso) threshold + balling vs continuous tracks. threshold trends match density curves.
DED Thermo-mechanical Part-scale Coupled thermo-  In-house/ Ti-6Al-4V Distortion/stress 3D FE model predicts distortion and residual stresses under Calibration and validation against measured [217]
mechanical FE commercial FEA DED distortions and temperature histories
DED/ Thermo-mechanical Multi-layer wall Thermo-mech FE =~ SYSWELD Low-C steel  Distortion/stress Early WAAM FE: thermal cycles + stress accumulation/ Distortion + hole-drilling/XRD stress [218]
WAAM relaxation; clamp stiffness effect. support.
DED/ Thermo-mechanical Multi-layer wall 3D FE ABAQUS Ti-6Al-4V Distortion/stress Inter-layer dwell time reduces residual stress/distortion; Distortion + thermocouple thermal cycles. [219]
WAAM guidelines for dwell selection.
DED/ Thermo-mechanical Multi-layer wall Nonlinear FE Simufact HSLA steel ~ Distortion Shows constant properties underpredict distortion; Laser scan distortion + thermocouples [220]
WAAM recommends T-dependent + phase effects.
DED/ Thermal-fluid Track/bead- CFD heat + flow  In-house ER70S Porosity between Enhanced heat source + convective pool flow; better bead IR + macroetch bead geometry [221]
WAAM scale beads shapes; bead merging + pore entrapment.
DED Thermal-fluid Track/bead- CFD + phase In-house/ Ti-6Al-4V Melt pool geometry & CFD predicts melt pool dimensions and temperature fields; Compared with experimental pyrometry and [222]
(multiphase) scale change COMSOL phase transitions phase change dynamics included cross-section measurements
L-PBF Distortion (inherent Part-scale FE (inherent strain) COMET IN718 Distortion/stress Inherent strain extracted from local thermo-mechanical Comparison with 3D scan distortion [223]
strain) simulations and applied to full-part distortion prediction measurements and residual stress trends
(XRD/literature)
L-PBF Thermal-fluid (CFD/ Track-scale FV CFD + VOF OpenFOAM 316L Keyhole pores, spatter Evaporation + recoil + Marangoni: conduction — keyhole; Qualitative operando X-ray/video [202]

VOF)

pore bubbles + spatter mechanisms; oscillations.

consistency; pool trends match.
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Table 2 summarizes representative journal studies covering (i) FE-based
thermal and thermo-mechanical models, (ii) thermal-fluid and keyhole
stability simulations, (iii) microstructure frameworks, and (iv) ML-
enhanced hybrid/surrogate approaches. The table highlights each
model's scale, numerical method, key outputs, and validation route to
clarify how different modeling levels contribute to defect prediction and
process understanding.

5.8. Limitations of numerical modeling

Despite substantial progress in numerical modeling of L-PBF, several
fundamental limitations continue to constrain predictive accuracy,
computational efficiency, and practical applicability. L-PBF is inherently
a highly complex process governed by tightly coupled multi-physics
phenomena occurring across a wide range of spatial and temporal
scales. Microscale events such as powder-laser interaction, melt-pool
dynamics, and rapid solidification occur over microseconds, while re-
sidual stress accumulation and part-scale thermal evolution develop
over hours or even days. The coexistence of extreme temperature gra-
dients, rapid heating and cooling rates, and non-equilibrium solidifica-
tion introduces significant uncertainty in process behavior and material
response, making accurate and comprehensive modeling particularly
challenging. Moreover, capturing the interplay between metallurgical
transformations and defect formation requires a holistic understanding
of the entire L-PBF process chain [224].

To render simulations computationally tractable, most numerical
models rely on simplifying assumptions, including constant or weakly
temperature-dependent material properties, idealized boundary condi-
tions, and the neglect of phenomena such as powder spatter, evapora-
tion, or plume dynamics. While these assumptions reduce computational
cost, they inevitably introduce discrepancies between simulated results
and real LPBF behavior. In addition, finite-element and finite-volume
models are often sensitive to mesh resolution, and inadequate dis-
cretization can significantly influence predicted thermal fields, melt-
pool geometry, and solidification behavior, necessitating careful mesh-
dependency assessments [225].

Another critical limitation lies in the high computational cost asso-
ciated with high-fidelity multi-physics simulations that simultaneously
resolve fluid flow, heat transfer, phase transformations, and free-surface
dynamics. The resulting trade-off between model accuracy and
computational efficiency restricts the applicability of such models for
real-time process monitoring, feedback control, or large-scale para-
metric studies [225].

Model reliability is further constrained by the availability and ac-
curacy of material property data. Numerical predictions depend strongly
on temperature-dependent thermophysical and thermodynamic prop-
erties, such as thermal conductivity, specific heat, surface tension, and
phase fractions, which are difficult to measure under the extreme ther-
mal conditions characteristic of L-PBF [225]. Experimental validation is
equally challenging, as in situ characterization of transient phenomen-
a—including melt-pool morphology, keyhole behavior, and vapor
plume dynamics—remains limited. Consequently, discrepancies be-
tween simulations and experiments are frequently reported, under-
scoring the need for advanced sensing techniques and more robust
validation strategies.

Defect prediction represents an additional layer of complexity. The
formation of defects such as lack-of-fusion porosity, keyhole-induced
voids, or hot cracking is highly sensitive to local process conditions,
material variability, and thermal history. Small variations in laser pa-
rameters, scan strategy, or powder characteristics can lead to substantial
differences in defect populations. Furthermore, many existing studies
treat metallurgical evolution and defect formation as separate modeling
problems, limiting insight into how microstructural transformations
directly influence defect nucleation and growth [224].
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6. Machine learning algorithms

Machine learning has emerged as one potential strategy for tackling
AM issues. The fundamental goal of ML is to create algorithms that allow
computers to learn independently by finding patterns and revealing
statistically significant trends in data. This learning method evaluates
complicated data sets to find anomalies, predict outcomes, and improve
process parameters. Adaptive programming is an essential approach in
ML because it allows computers to spot patterns, learn from errors,
develop new insights, and enhance processing speed and accuracy. ML
approaches are especially good at dealing with high-dimensional data,
making them relevant across numerous applications, including process
optimization, defect identification, and predictive maintenance in AM
systems [226]. ML approaches are classified according to the goals they
want to attain, such as supervised, unsupervised, semi-supervised, and
reinforcement learning (RL). These categories assist in categorizing al-
gorithms based on the type of learning necessary to correctly translate
inputs to desired outputs.

Supervised learning is one of the primary types of machine learning,
divided into regression (predicting continuous outputs) and classifica-
tion (predicting discrete categories). In this approach, labeled data is
used during a two-phase process: training, where the model learns from
the data, and testing, where predictions are validated using unseen
samples. Algorithms such as linear regression, decision trees, random
forests, support vector machines, and multi-layer perceptrons use sta-
tistical methods and tuning techniques like grid search and cross-
validation to optimize performance and avoid overfitting or under-
fitting. More advanced models like ANN and CNN have been particularly
successful in handling complex data like images, mimicking the struc-
ture and function of the human brain to extract patterns and make
decisions.

On the other hand, unsupervised learning operates without labeled
data, aiming to uncover hidden structures and patterns in the input.
Techniques such as clustering (k-means, hierarchical), dimensionality
reduction (Principal Component Analysis (PCA), Independent Compo-
nent Analysis (ICA)), and data mining methods are employed to group
similar data points or reduce data complexity. Semi-supervised learning
bridges the gap between supervised and unsupervised approaches by
leveraging a small amount of labeled data alongside a larger set of un-
labeled examples to improve model accuracy. Lastly, reinforcement
learning, inspired by behavioral psychology and optimal control theory,
involves training agents to interact with an environment, learning
optimal behaviors over time by maximizing cumulative rewards through
techniques such as dynamic programming and value function
optimization.

This study evaluates all PBF techniques and ML approaches used in
this field. To the best of our knowledge, approximately 90% of the
assessed studies focus on L-PBF, with the remaining 10% on EB-PBF. The
comparatively low percentage of EB-PBF can be attributed to its novelty,
which needs more ML integration research and development. Super-
vised learning approaches account for approximately 60% of all ML
methods. Unsupervised learning accounts for approximately 12% of the
remaining methodologies, followed by semi-supervised learning at 12%,
classic statistical methods at 10%, and reinforcement learning at 6%.

7. Implementing machine learning in powder-based AM

When combined with physics-based modeling, ML methods can
move beyond black-box classification toward mechanism-aware defect
prediction. Model-informed features, physics-based constraints, and
simulation-augmented datasets improve robustness and generalization
across materials and machines. Such integration enables the translation
of sensor data into actionable process knowledge, forming the basis for
future closed-loop control strategies in PBF.
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7.1. Statistical methods for prediction

Statistical approaches such as regression analysis have found re-
lationships between process factors and experimental part porosity. The
established regression models were used to estimate component porosity
over various process factors. AlFaify et al. conducted regression analysis
using ANOVA analysis to correlate part porosity, measured via metal-
lographic analysis, with process parameters, including laser power, scan
velocity, layer thickness, and hatch space in PBMAM [227]. Similarly,
Tapia et al. employed a regression analysis using the spatial Gaussian
method to correlate part porosity, measured by the Archimedes method,
with process parameters [228].

Furthermore, Garg et al. used the genetic algorithm to do a regres-
sion analysis to link process parameters with open porosity on the part
surface [229]. In addition, EB-PBF has become a viable method for
producing complex-shaped components from heat-cracking-sensitive
materials like AISI H13 hot-work tool steel, thanks to the decade-long
rapid growth of technology in this field. A correlation between surface
topography, internal porosity, and process parameters has been estab-
lished, with a highly robust model describing the correlation between
internal porosity and melting process parameters (Ridj = 0.91), as well
as topography parameters and melting process parameters (Rgdj =
0.77-0.96) [230].

7.2. Supervised learning methods

In defect classification, extensive efforts have been devoted to
employing supervised ML methods, utilizing various inputs such as
images, melt pool thermal images, optical images, AE signals, and data
from computed tomography (CT) scans. Jingcnag et al. introduced a
CNN-based multi-sensor fusion approach for in-situ quality monitoring
of L-PBF [231]. Similarly, Zheren Song presented a hybrid deep gener-
ative prediction network (HDGPN) utilizing a variational autoencoder
and Generative Adversarial Neural Network (GAN) to characterize
complex pore microstructure and predict pore morphology under arbi-
trary processing parameters from images [232].

In addition, Imani et al. created a Deep Neural Network (DNN) model
for the L-PBF process that uses spatial characterization pictures for real-
time identification of incipient geometry flaws [233]. Additionally,
Scime et al. identified and classified six different types of defects from
pictures using a CNN algorithm for autonomous anomaly detection and
classification architecture in L-PBF, as its of CNN is illustrated in Fig. 9
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[234]. Employing high-speed Field-Programmable Gate Arrays or
Application-Specific Integrated Circuits for data acquisition, alongside
efficient CNNs, can enable the utilization of readily obtainable data for
predicting a broader range of properties in real time and for closed-loop
process control. Beyond optical or near-optical imaging, ultrafast X-ray
imaging has been deployed to investigate the fusion mechanism
[235,236] and irregularities in melt pools [237] in PBF.

In response to the poor adaptability and complexity of existing ML
detection algorithms, one study proposed an improved version of the
You Only Look Once version 3 (YOLOv3) algorithm to detect surface
defects in metal AM based on multi-spectrum data (visual light/IR
camera). The weighted k-means algorithm was employed to cluster
target samples, enhancing the matching degree between the prior frame
and the feature layer. Additionally, the network structure of YOLOv3
was modified and replaced with the lightweight structure of the original
YOLOv3 algorithm [238]. These Al deep learning approaches have come
a long way in recent years, especially in computer vision, where “You
Only Look Once” (YOLO) has become a state-of-the-art method for a
variety of tasks, such as object recognition, picture categorization, and
segmentation [239].

When tested on a publicly available metallographic dataset, an end-
to-end architecture for microstructural defect identification using
YOLOV8 models, one of the pre-trained models for the computer vision
area, produced excellent results. Compared to previous automatic defect
recognition approaches, the YOLOv8 model rapidly recognized fractures
and porosity in the metal AM dataset, increasing defect detection ac-
curacy to 96% in just 0.5 h [240].

A dual-input CNN that fused defect parameter vectors and layer-wise
pictures was proposed in a different research that employed an axis
CMOS camera monitoring system to provide real-time online defect
monitoring in the L-PBF process through a paraxial CMOS camera
monitoring system. This model achieved recognition accuracies sur-
passing 80.00% for all defect categories by integrating picture and
parameter information linked to defect creation. Furthermore,
compared to traditional deep learning algorithms, this approach per-
formed better than single-image input techniques, with a low parameter
count, quick training time, and quick prediction speed, making it more
appropriate for real-time live monitoring scenarios [241].

In another study, a fresh method was developed for the real-time
identification of surface deformation issues from powder-bed images,
employing a CNN-based solution in L-PBF. EOS machines with the
EOSTATE suite, comprising four monitoring systems, including
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EOSTATE Exposure OT, EOSTATE Melt pool, EOSTATE System, and
EOSTATE powder-bed supervision, achieved 99% classification accu-
racy for standard and defective prints [242].

A framework for defect identification in metal AM processes was
presented using in-situ high-speed cameras. This approach sought to
quickly classify regular and faulty prints by computer simulation and
experimental investigation [243]. A Bayesian classifier was developed
and trained in the L-PBF method to identify construction quality, indi-
cating layers or areas that were deemed undesirable or faulty. These
findings may direct process control in close to real-time, inform subse-
quent choices, or stimulate remedial measures [244].

A pioneering real-time monitoring system was proposed in a separate
study to detect defects utilizing PCA and SVM automatically. This sys-
tem used a coaxially mounted camera to capture molten pool images,
extracting ten pool features via PCA to reduce dimensionality. Subse-
quently, an SVM classifier was employed to identify defects in the
deposited layer, achieving a high detection rate for slag and bulge de-
fects [245]. To discover defects, other researchers investigated the op-
tical image characteristics. For example, Jiaming Li used optical
microscopy (OM) pictures under different settings to construct a su-
pervised classifier model [246]. In contrast, Jingchang Li used three
clever ML methods to analyze 2D pores using OM characteristics [247].
Furthermore, Claudia Schwarz used the EOSTATE Exposure OT system
for process monitoring using supervised classification approaches [248].

Furthermore, Convolution Neural Networks (CNNs) for infrared
imaging have shown significant potential for real-time process moni-
toring. When compared to visible wavelength imaging, IR imaging has
fewer sophisticated CNN requirements [249], needing less powerful
processing equipment and allowing for quicker computations. This
stresses the need to select a wavelength range for real-time imaging,
particularly in closed-loop control settings where fast adjustments may
be required.

Despite advancements in processing speed, the utilization of CNNs
has primarily been confined to process monitoring due to the time
required between data acquisition, processing, and subsequent action-
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taking. Moreover, Khanzadet al. used supervised learning techniques
to create a black-box model for the probability distribution of class la-
bels, such as porosity, based on data features like melt pool attributes.
They used a thermal monitoring system to record time-varying melt pool
signals [250]. The overall procedure from Thermal image to porosity
prediction is depicted in Fig. 10. A related study used high-speed ther-
mal emission measurements from the melt pool to identify defective
individual struts in lattice structures.

A defect prediction calculation based on logistic regression of melt
pool thermal emission aggregated over many layers was devised, and it
predicted strut existence or defectiveness with over 94% accuracy
[251]. Furthermore, it was demonstrated that short-wave IR thermog-
raphy may predict discrete sub-volumes in L-PBF components for local
porosity. A trained 1D CNN model showed positive findings, with an R2
score of 0.93 for predicting porosity in specific sub-volumes, indicating
outstanding performance in porosity prediction [252]. Furthermore,
merging deep learning-based neural network topologies with thermo-
graphic off-axis imaging showed promise for defect detection, with an
impressive 96.80% accuracy in recognizing L-PBF-specific defects
[253].

Considering the substantial memory requirements, computational
expenses, and data density associated with high-resolution imagery,
researchers have pursued alternative avenues utilizing numerical data
derived from instrumentation. For instance, AE signals have emerged as
a valuable input for defect detection in AM processes.

Ye et al. suggested a defect identification approach for the L-PBF
process that uses SVM and features gathered from recorded acoustic
signals to predict different melting stages accurately [265]. Ito et al.
included an online monitoring system consisting of two AE sensors in the
L-PBF process, detecting the occurrence time and location of micro-
cracks and holes based on the time domain and amplitude difference
of AE signals, with spatial positioning error maintained to 2-3 mm
[254]. Kononenko et al. developed an in-situ monitoring system for
fracture diagnosis in L-PBF by combining AE sensing with an ML model.
They found that using the spectral components of AE signals as input

Melt Pool Boundary

."...' 7 9 >
P
Predicted Porosity X
F B Ve - Functional

Data Analysis

Extracted Functional Features

Supervised
.8 Learning
-—
Classifier KNN 8|/
a - SVM
DT

o U{ph

Z4 ’ ' P

Fig. 10. Demonstration of porosity prediction using supervised machine learning [250].

68



M. Taghian et al.

resulted in the highest prediction accuracy [255].

Airborne AE sensing reduced structural noise and allowed for more
flexible installation. Pandiyan et al.'s investigation of AE characteristics
in L-PBF under different laser regimes revealed a strong correlation
between AE features and melting mode, with laser energy density being
the primary component determining AE characteristics [256]. Shevchik
et al. divided samples into low, medium, and high-quality categories
based on part porosity ratings using AES and ANN analysis [49]. With a
laser Bragg grating acting as the acoustic sensor element, the system was
able to classify flaws into the appropriate part category with an accuracy
rate of about 80%. This demonstrates how ML approaches are now
effective in simplifying the interpretation of complicated AE data from
the PBF process.

Similarly, CT has become a powerful method for defect diagnosis,
providing non-destructive examination throughout the entire volume.
Researchers used CT data from X-ray images as input for supervised
machine learning algorithms to categorize defects. In-situ X-ray imaging
offers excellent spatial resolution, promising to improve basic physical
processes in PBF. However, the potential of X-ray imaging for real-time
process control is still largely unexplored. Jiafeng Ye et al. investigated
LR-XCT scanning settings to classify defects [257], and Mathieu Van-
decasteele used XCT to identify pore types based on geometric features
using supervised learning methods [258].

Ubaid Aziz et al. used XCT data and supervised machine learning,
including classification algorithms such as KNN and DT, to automati-
cally identify distinct defects in AM-produced nickel alloys [259]. G.
Minerva used classical extreme value statistics with supervised machine
learning approaches, and specifically X-ray micro-CT parameters as
input data, for defect analysis [260].

Arun Poudel et al. achieved great accuracy compared to traditional
statistical and threshold-based techniques in classifying pore types uti-
lizing nine parameters acquired from XCT through supervised DT and
ANN [48]. The representation of defects in the 3D box and its
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Fig. 11. Visualization of volumetric defects in L-PBF coupons. Front, top, and
isometric views of the XCT scan region of coupons fabricated using (a) P — 20%
V0% and (b) P + 20%V — 40% parameters. Scatterplots in the 3D space of size,
aspect ratio, and sphericity show the volumetric defects observed in (c) P —
20%V and (d) P + 20%V — 40% coupons. Appearances of selected defects, (e) a
LoF, (f) a GEP, and (g) a KH-Induced porosites, are also shown [48].
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classification are illustrated in Fig. 11. These studies highlight the
effectiveness of numerical data for defect identification and classifica-
tion in AM processes, which may be obtained via devices like CT scans
and AE signals. Besides numerical data from CT images, in a particular
study, to discern pixel data from CT images as pores or inclusions from L-
PBF, the proposed methodology employs SVM, a supervised ML algo-
rithm trained with an Area Under the Curve (AUC) of 0.94.

Another study investigated two labeling procedures using computer-
aided design (CAD) files and XCT scan data. A unique CNN was trained
from scratch and optimized by fine-tuning many hyperparameters with
a Hyperband tuner. The model obtained 90% accuracy with CAD-
assisted labeling and 97% with XCT-assisted labeling, recognizing
holes as small as 0.2 mm. The study presented two labeling methodol-
ogies, CAD-assisted and XCT-assisted, for in-process image labeling of
test cylinders with seeded holes ranging in size from 0.02 mm to 2 mm,
intending to distinguish pore and non-porosity pictures [261].

Despite their high accuracy in defect classification, supervised deep
learning models such as CNNs and DNNs often face challenges in real-
time deployment due to memory and processing demands. Addition-
ally, their generalization across different machines or materials may be
limited unless augmented with simulation-informed datasets or
retrained on diverse experimental data.

7.3. Unsupervised machine learning methods

Previous research has demonstrated that ML approaches, mainly
supervised algorithms, are robust and accurate in defect classification
tasks. However, one key restriction of supervised ML is the manual la-
beling procedure, which requires significant time and skill, limiting its
application to diverse materials and AM processes. Researchers are
turning to unsupervised machine learning algorithms that recognize
significant data properties without labeled input to overcome this
challenge.

This change to unsupervised learning not only decreases the need for
manual labeling but also enables researchers to use automatic pattern
recognition while still requiring human supervision to understand
complicated discoveries. Unsupervised learning approaches such as
SVD, agglomerative hierarchy, PCA, K-means clustering, SOM, and
agglomerative hierarchy have become popular in AM-based scenarios,
particularly for a broad range of data sources such as pictures, thermal
imaging, IR imagery, and AE signals. Luke Scime, for example, used
computer vision to identify six types of defects during the powder
spreading process, using k-means unsupervised clustering for automated
defect detection and classification [262]. Similarly, Marco Grasso pro-
posed employing photo k-means clustering analysis to automate defect
detection and localization in each layer [263].

Grasso et al. utilized PCA and K-means clustering to continuously
acquire images through an off-axis-mounted thermal camera to detect
unstable melting conditions [264]. Examples of this research are illus-
trated in Fig. 12. Although this method is susceptible to the choice of
hyperparameters and its results vary greatly depending on the density
and distribution of data, its application on visible-NIR camera data could
be considered to predict the melt pool dimension [265].

Unsupervised machine learning models have also been used in CT
scanning to classify defects. Taherkhani, for example, used an unsu-
pervised machine learning method (SOM) to identify abnormalities in
light-intensity data and determine their placements using post-
processing CT scans [266]. Similarly, Robert Snell used K-means unsu-
pervised clustering on 3D pore data from XCT and 2D pore data from
microscopy across several alloys [267].

Nonetheless, lacking validation metrics is a significant difficulty in
unsupervised machine learning systems. Unlike supervised learning,
unsupervised learning does not allow for external validation through
test datasets. Instead, internal validation measures are used to determine
group similarities and variances.

Furthermore, while SOM is widely used for visualization, simple K-
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Fig. 12. Example of an IR image where only the LHZ and the spatters are evident, and Segmentation results based on IsoData, Otsu's, Li's, Huang's, and k-means

methods [264].

means may not always capture underlying patterns adequately. Another
alternate approach for L-PBF noisy data is density-based spatial clus-
tering with the application of noise (DBSCAN). DBSCAN is then used to
split the discovered pixels into discrete faults, followed by a convex hull
to define the clusters based on their size and shape. The final classifi-
cation involves segmenting the CT scan picture and classifying each
pixel as background, pore, substance, or inclusion. Additionally, 2D
defect clustering is conducted using K-means, while 3D is accomplished

Run 2

using DBSCAN [268].

In other words, a hybrid learning technique that mixes labeled and
unlabeled data has been devised to use both benefits. Okaroa et al. [269]
introduced a semi-supervised ML strategy for automatic defect identi-
fication in laser-based AM. Fig. 13 depicts many random outcomes from
this investigation. Their findings, which came from tensile test bars
constructed from Inconel 718, reveal that the semi-supervised ML sys-
tem successfully identified laser-based manufacturing defects in the
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Fig. 13. SSL results obtained for six runs of a Monte Carlo simulation where, for each run, 24 unlabelled points were selected randomly [269].
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product, generating results comparable to those from completely labeled
training data. In the other work, Yadav et al. proposed a semi-supervised
approach to detect inline drift in the L-PBF process by utilizing certified
product CT as input data [270]. This method uses labeled data from an
unsupervised ML K-means clustering methodology to train a supervised
ML-based KNN algorithm. Semi-supervised CNNs boost flaw detection
efficiency in AM methods by overcoming the challenges of acquiring
large-scale labeled data. Similarly, Li et al. proposed a DCNN model to
assess the quality of the final product during the metal printing process.
Their approach used semi-supervised training data to decrease the need
for vast labeled picture data. The suggested algorithm identified under-
melt, typical, and over-melt situations in products containing ASTM F75
CoCrMo powder with 100% accuracy [271].

This involved developing an ML model to categorize surface ap-
pearances using reference monitoring data. The following classification,
post-process properties, including surface roughness, morphology, and
tensile strength, are associated with the appearances. Thanks to this
association, key features, such as anomaly-free, lack-of-fusion, and hot
areas, suggest the printed sample quality. Predictions made on test
samples with different geometries served as additional validation of this
ML approach's efficacy [272].

Moreover, when there are few labeled samples, an innovative CNN
architecture with a mutual correction classifier and an SSL approach
utilizing soft pseudo labels was suggested to improve defect inspection
accuracy. The performance of the technique was shown on two bench-
mark datasets: one widely used for industrial defect inspection, and the
other is a realistic dataset containing pictures of real injection molding
manufacturing lines. The suggested technique produced an accuracy of
99.03% on the benchmark defect dataset, which is around 13.2% higher
than previous methods when the training dataset had just 45 labeled
photos and 135 unlabeled samples per category [273]. Furthermore,
reference monitoring photos were used to train the semi-supervised ML
model, which classified the surface appearances of samples produced
with and without typical L-PBF problems, such as overheating. This
trained ML model makes detecting overheated areas in L-PBF products
easier during printing [274].

There has been little study in the field of RL on optimizing agents'
actions to maximize cumulative rewards under certain situations.
Wasmer et al. used RL to evaluate acoustic data obtained during printing
AE methods to develop quality monitoring in AM [275]. The technique
achieved excellent classification accuracy for a cuboid form made of
stainless steel 316L, showing a high degree of in situ and real-time
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application potential. Yao et al. have created a sensor-based product
quality control model for the AM process, which employs a restricted
Markov decision process [276]. This strategy has not been widely used,
but it is a great place to start. According to relevant literature, more
study is needed, particularly when estimating surface roughness in L-
PBF [277]. The CNN architecture of this research is illustrated in Fig. 14.
Unsupervised models, including PCA, K-means, and SOM, offer the
advantage of working with unlabeled datasets, reducing manual label-
ing effort. However, their performance can be sensitive to noise,
hyperparameter choices, and data density, which may limit robustness
across different machines or powder materials. Hybrid or semi-
supervised approaches can help mitigate these challenges by
combining labeled and unlabeled data to improve generalization.

7.4. Utilizing new algorithms

Recent advances in using new approaches for defect identification in
the PBF have shown promising outcomes. Ye et al. used a microphone to
record AE signals during L-PBF and then discovered a correlation be-
tween these signals and process parameters. They used a deep belief
network to detect defects based on AE signals, demonstrating that their
intelligent identification approach was more accurate and efficient than
standard techniques [87].

Researchers employed CAD models with certain artifacts to focus on
defect identification instead of categorization in a different study. They
used CAD-based simulations to create realistic training data using a
GAN. The first stage's data was then used to train a DNN, which pro-
duced accurate 3D reconstructions. Promising results were obtained
when this strategy was used in two case studies employing X-ray pictures
from AM procedures [278]. A different examination looked into several
defect categories, such as holes, spattering, incandescence, horizontal,
vertical, and profile monitoring of printed components. In addition to
layer-wise monitoring of the printed component profile, the study pro-
posed a low-cost camera-based in-situ monitoring system for metal PBF
that allowed real-time identification of five different defects. The tech-
nology further enabled the offline production of synthetic pictures via
GAN for dataset augmentation [279].

Reinforcement learning and generative models such as GANs show
potential for adaptive, mechanism-aware defect detection and dataset
augmentation. Nevertheless, their deployment in real-time monitoring
remains challenging due to the need for rapid sensor feedback and
computational overhead. Careful integration with physics-based models
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Fig. 14. The architecture of the proposed CNN model is used to predict surface roughness and defective areas [277].
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can help address these limitations and enhance transferability across
materials and machine platforms.

7.5. Physics-informed and hybrid simulation-machine learning
approaches

Physics-informed machine learning (PIML) represents a trans-
formative shift in defect detection for L-PBF and EB-PBF by moving
beyond traditional “black-box” models. Standard data-driven ap-
proaches often rely on machine-specific settings like laser power and
scan speed, which lack transferability between different manufacturing
systems. By integrating physical laws and mechanistic modeling, PIML
creates more interpretable and generalizable solutions for identifying
critical defects such as porosity, balling, and lack of fusion.

The core methodology of these models involves converting raw
machine settings into fundamental physical effects before they are
processed by a learning algorithm. For instance, instead of using raw
laser parameters directly, a physics-informed model interprets these
inputs into physical machine-independent features such as laser energy
density and radiation pressure. This approach ensures that the model
focuses on the actual heat and thermal pressure histories that drive
defect generation, rather than just statistical correlations [280].

In L-PBF applications, PIML has been successfully implemented to
enhance real-time melt pool monitoring (MPM) through advanced
generative models. These frameworks often utilize CNN Transformers
and GANs to predict future melt pool behavior by incorporating spatial-
temporal effects. By accounting for the thermal interactions between
adjacent melt pools and local cooling fluctuations, these models can
accurately predict geometry changes—such as area and length—that are
pivotal in determining final part porosity [281].
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The synergy between mechanistic modeling and machine learning
also allows for the identification of hierarchical variable importance in
defect formation. Mechanistic models can compute complex physical
attributes, such as molten pool velocity fields and cooling rates, which
are often difficult to measure experimentally. When these calculated
variables are used as inputs for machine learning, they provide a
quantitative formalism capable of predicting defects like balling or
cracking before any physical printing occurs.

Ultimately, the primary advantage of physics-informed models lies in
their ability to bridge the gap between idealized simulations and actual
manufacturing behavior while reducing the need for costly trial-and-
error experiments. By combining experimental data with the rigor of
fluid dynamics and heat transfer principles, PIML offers a robust diag-
nostic tool for the additive manufacturing industry. These models not
only improve prediction accuracy but also provide actionable knowl-
edge for process optimization and feedback control [282].

7.6. Machine learning for defect detection in EB-PBF

Recent ML developments in EB-PBF open the path for advanced
quality control and detection of defects approaches in this arena. In one
prominent study, researchers investigated how changes in surface flat-
ness can predict and discover certain surface qualities (such as uniform,
uneven, and porous textures) linked to various types of internal defects.
They used five machine learning algorithms to fine-tune the process
parameters for EB-PBF with S30C alloy: logistic regression, SVM, DT,
XGBoost, and naive Bayes. SVM proved to be an advantageous tech-
nique, allowing for the building of a process map that matched process
windows to internal defect features. CFD modeling aided this method by
replicating temperature fields, fluid flow, and melt pool shape,
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Fig. 15. Cross-sections of multidimensional process maps constructed using SVM as scan speed, current, and line offset functions. Dark blue (probability: 1.0) in-
dicates that the surface morphology of the part printed by the processing parameters is predicted to be a good (even) surface without internal defects, and dark red
(probability: 0.0) indicates a bad (uneven or porous) surface with internal defects [283]. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)
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separating high-quality constructs from ones with defects [283]. Fig. 15
shows the cross-sections of multidimensional process maps created with
SVM as the scan speed, current, and line offset functions.

Another research investigated the automated classification of AM
layer quality using deep learning, which was applied to electron-optical
images collected during the EB-PBF procedure. The study employed
many CNNs to achieve 95% classification accuracy by observing
changes in surface topography and categorizing layers as usual, porous,
or bulging using electron-optical images [284]. Finally, a different study
combined neural networks with cascading 3D image processing and
analysis algorithms to provide an early defect detection strategy for EB-
PBF operations. The goal of this approach is to possibly solve the need
for fault identification in industrial processes involving EB-PBF synthesis
[285].

Table 3 presents ML approaches for defect detection in PBF, cate-
gorizing methods by learning type, algorithm (e.g., SVM, neural net-
works), PBF type (L-PBF, EB-PBF), and material (e.g., titanium, stainless
steel). It highlights target defect types like porosity and LOF and spec-
ifies dataset sources, including real-time and experimental data, essen-
tial for accurate defect identification in AM.

7.7. Impact of data quality and quantity on ML performance

The performance of ML models in powder-based additive
manufacturing is strongly dependent on the availability, quality, and
consistency of data. Many studies rely on relatively small or heteroge-
neous datasets, which can limit the generalizability of trained models
when applied to different alloys, machines, or geometries. This data
scarcity remains a fundamental challenge, particularly in EB-PBF, where
fewer studies and less publicly available datasets exist compared to L-
PBF [233]. Variability in data acquisition protocols further complicates
model development. Differences in imaging modalities (e.g., optical,
infrared, X-ray), sensor settings, environmental conditions, and moni-
toring strategies introduce inconsistencies that can reduce model
robustness and predictive accuracy. For example, even slight variations
in camera calibration, frame rate, or lighting conditions can significantly
affect the features extracted for defect classification, posing challenges
for reproducibility across laboratories and industrial setups. Another
critical challenge is the absence of standardized datasets for ML in PBF.
Currently, no widely adopted benchmarks exist that would enable direct
comparison of ML methods or facilitate transfer learning across different
systems. The lack of standardized, high-quality datasets prevents
rigorous quantitative evaluation of model performance and hinders the
establishment of universally applicable best practices [271,286].

Addressing these challenges requires careful dataset curation, pre-
processing, and feature engineering to ensure that models capture
meaningful process-structure-property relationships rather than
dataset-specific artifacts. Furthermore, the development of open-access
repositories, shared experimental protocols, and collaborative data-
sharing frameworks is essential for accelerating progress, enabling
reproducibility, and fostering industrial adoption of ML-driven defect
detection in PBF [287]. In summary, while ML holds great promise for
predictive process control and defect detection, its effectiveness is
fundamentally constrained by data availability, variability, and stan-
dardization. Future research must focus not only on algorithmic ad-
vances but also on creating robust, high-quality datasets to ensure
reliable and transferable ML applications in metal additive
manufacturing.

8. Challenges and future directions

Although PBF has witnessed remarkable development, outstanding
challenges must be addressed when fabricating defect-free, high-per-
formance components. Mastering these challenges is becoming crucial
for the mechanical reliability, process scalability, and cost-efficiency of
PBF as industries increasingly turn toward the technology for mission-
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critical applications.

A key challenge involves attaining real-time process monitoring and
implementing closed-loop control. Current PBF systems primarily
function under open-loop conditions, with predetermined process pa-
rameters that do not adjust to dynamic changes in powder spreading,
laser-powder interaction, or melt-pool stability. As a result, defects,
including LoF or porosity, may develop undetected during the fabrica-
tion process. The forthcoming generation of systems should integrate
multi-sensor data, including optical, infrared, acoustic, and tomographic
signals, with advanced algorithms designed to detect variations in real-
time. Integrating real-time analysis within the machine, facilitated by
edge computing and high-speed data processing, enables automatic
parameter correction during the build process. The shift from reactive to
self-corrective manufacturing signifies a crucial advancement in
attaining reliable PBF.

At the same time, a growing consensus exists that data-driven ML
approaches, despite their effectiveness, frequently function as black
boxes with restricted physical interpretability. The future involves the
integration of physics-based models with ML to create hybrid,
mechanism-aware predictive frameworks. PINNs integrate governing
equations, including heat conduction, mass conservation, and fluid flow,
into their architecture. This integration diminishes reliance on extensive
labeled datasets and enhances generalization across various materials
and geometries. Combining FE or CFD simulations with ML facilitates
the development of models that predict defect occurrence and elucidate
the underlying physical mechanisms. Hybrid approaches offer solutions
for process optimization and control that are interpretable, computa-
tionally efficient, and transferable.

However, the success of any data-driven framework relies on the
quality, diversity, and accessibility of data. Most studies still depend on
small or heterogeneous datasets collected under different experimental
conditions, leading to poor generalization of trained models. The com-
munity urgently needs standardized, large-scale repositories that link
process parameters, in-situ sensor outputs, and ex-situ characterization
data. Collaborative data-sharing initiatives and federated learning
frameworks could enable the creation of secure, open datasets while
preserving proprietary information. Alongside this, consistent bench-
marking protocols are necessary to evaluate ML algorithms objectively
across materials, machines, and defect types. Establishing such a data
infrastructure is a prerequisite for reliable and reproducible defect
prediction in AM.

Beyond digital advancements, the quality and consistency of powder
feedstock are essential physical challenges that directly impact defect
formation. Differences in particle size distribution, morphology, and
surface chemistry influence flowability, energy absorption, and melting
uniformity, resulting in variable porosity or incomplete fusion. Repeated
reuse of powder may lead to oxidation, contamination, and alterations
in composition, which can compromise the integrity of the part. Future
research should concentrate on real-time monitoring of powder quality
through inline optical or hyperspectral sensing, in conjunction with
enhanced recycling protocols and predictive models for powder aging.
The development of novel alloy systems specifically designed for powder
bed fusion, including high-entropy and functionally graded materials
with enhanced thermal stability, presents an opportunity to minimize
defect sensitivity from the initial stages of material design.

Ultimately, the path forward lies in convergence. Progress in PBF will
emerge from the integration of sensing technologies, multi-physics
modeling, ML, and material science into intelligent systems capable of
detecting, understanding, and preventing defects before they occur.
Establishing strong connections between experimental observation,
physical modeling, and data-driven prediction will enable adaptive
control strategies that ensure process stability and part reliability.
Through this synergistic approach, PBF can evolve from a trial-and-error
fabrication method into a self-optimizing, mechanism-aware
manufacturing process—paving the way for the reliable production of
mission-critical components for extreme environments.
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Table 3
Different ML methods used in PBF.
ML category ML Algorithm AM Material type Defect type Dataset type Ref
method
Statistical Response surface method pulsed- 316L stainless steel Relative density Process parameters [227]
L-PBF
Statistical Spatial Gaussian process L-PBF 17-4 PH stainless steel Porosity Speed and power [228]
regression
Statistical Multi-gene genetic SLS Hydroxyapatite (HA)-polyamide (PA) Porosity, shrinkage, Process parameters [229]
programming composites strength, density
Statistical Generalized Linear Model EB-PBF AISI H13 Internal porosity and Data obtained from Image [230]
and ANOVA surface topography
correlation
Statistical Analytical methods L-PBF 316L stainless steel Failure modes Acoustic emission signal [256]
classification
Supervised ML Convolutional Neural L-PBF 316L stainless steel Quality analysis Off-axial in-situ monitoring ~ [231]
Network system equipped with three
types of sensors
Supervised ML Hybrid deep generative L-PBF 316L stainless steel Pore morphology High-dimensional images [232]
prediction network prediction
Supervised ML Deep Neural Networks L-PBF CAD files Detection of layerwise DSLR camera [233]
flaws and variant geometry
in each layer
Supervised ML Convolutional Neural L-PBF AlSi10Mg, bronze, Inconel 625, Inconel Classification anomalies Stock powder bed camera [234]
Network 718, stainless steel 316L, stainless steel (Hopping, streaking, and lighting configuration
17-4 PH, and Ti-6Al-4V debris, part damage)
Supervised ML Convolutional Neural not said Metallography dataset from additive Detection of Metallographic [240]
Network manufacturing of steels (Metal DAM) microstructural
Supervised ML Convolutional Neural L-PBF Ti6-Al-4V, 316L stainless steel Defect classification Off-axis CMOS camera [241]
Network monitoring
Supervised ML Convolutional Neural L-PBF AlSi10Mg metal Classification EOSTATE monitoring [242]
Network
Supervised ML KM, SVM, Neural network L-PBF Synthetic functional dataset Defect classification Video-imaging data (in-situ [243]
high-speed cameras)
Supervised ML Bayesian classifier L-PBF Inconel 625 Defective or non-defective Digital Camera [244]
Supervised ML SVM and RBF neural network  L-PBF AlSi12 Slag inclusion defect Molten pool image (CCD [245]
classification Camera)
Supervised ML Deep learning L-PBF Stainless steel, titanium alloys, and Defect detection Optical microscopy images [246]
aluminum alloys
Supervised ML Artificial neural network, L-PBF 316L stainless steel Porosity classification Melt pool images (coaxial [247]
support vector machine, and high-speed in situ
deep belief network monitoring)
Supervised ML Convolutional Neural L-PBF Hastelloy X Porosity classification(KH- EOSTATE monitoring [248]
Network induced porosity, LOF,
residual porosity)
Supervised ML Logistic regression L-PBF 316L stainless steel Defect detection Fiber-coupled InGaAs- [251]
based infrared pyrometer
and Si-based photodiode
Supervised ML Convolutional Neural L-PBF Haynes282 (nickel-based superalloy) Discrete sub-volumes Short-wave infrared [252]
Network detection thermography
Supervised ML Deep Neural Networks L-PBF H13 Print defect detection Thermographic off-axis [253]
imaging
Supervised ML Support Vector Machine L-PBF 304L stainless steel Defect classification Acoustic emission signal [288]
(overheating, normal, and
underheating)
Supervised ML Logistic regression, SVCM L-PBF Al92Mn6Ce2 Crack detection Acoustic emission signal [255]
random forest, Gaussian
process
Supervised ML Artificial Neural Network L-PBF CL20ES stainless steel Low, medium, and high Acoustic Emission [49]
quality Spectroscopy
Supervised ML Linear regression, Random L-PBF Ti64 Defect classification LR-XCT [257]
forest, GPR
Supervised ML Bayes classifier L-PBF 316L stainless steel, a cobalt-chrome Defect classification X-ray computed [258]
alloy, and Ti6AI4V titanium tomography
Supervised ML k-Nearest neighbors and L-PBF Nickel alloys (CM247LC, LR8 and Alloy Defect classification X-ray computed [259]
decision trees 713C.) tomography
Supervised ML Neural Network L-PBF AlSi10Mg Defect classification X-ray micro-computed [260]
tomography
Supervised ML Neural network, Decision L-PBF Ti-6Al-4V Defect classification High-resolution X-ray [48]
tree computed tomography
Supervised ML CNN L-PBF A20X powder Classification(Porosity, CAD file and XCT scan data  [261]
non-porosity)
Supervised ML DBN L-PBF 304 stainless steel Defect detection Acoustic emission signal [87]
Supervised ML Logistic regression, support EB-PBF S30C alloy Classification (even, SEM and X-ray CT [283]

vector machine, decision
tree, XGBoost, and naive
Bayes
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ML category ML Algorithm AM Material type Defect type Dataset type Ref
method
Supervised ML Convolutional Neural EB-PBF Ti-6Al-4V Classify the quality Electron-optical images [284]
Network
Supervised ML Convolutional Neural EB-PBF Ti-6Al-4V Quality classification Video camera [285]
Network (defective, non-defective)

Unsupervised k-Means clustering L-PBF Ti-6A1-4V (four powder types), Classification of six types Camera EOS M290 [262]

ML AlSi10Mg, Inconel 718 (two powder of faults
types), stainless steel 316L, stainless steel
17-4, and a bronze alloy.

Unsupervised k-Means clustering L-PBF AISI 316L Detection and the spatial Camera CMOS [263]
ML localization of local defects

Unsupervised k-Means clustering L-PBF Zinc Powders - IR images [264]
ML

Unsupervised Self-Organizing Map (SOM) L-PBF Hastelloy-X [EOS Nickel Alloy HX] Detection of defects (LOF) CT scanning [266]
ML

Unsupervised k-Means clustering L-PBF Ti-6Al1-4V, Inconel 718, Ti-5553 and - X-ray Computed [267]
ML Haynes 282 Tomography

Unsupervised SVM -+ DBSCAN L-PBF Ti6Al4V Defect detection and CT [268]
ML characterization

Semi-Supervised CNN L-PBF 316L stainless steel Track average width, track  In-situ videos [249]
Ml continuity

Semi-Supervised GMM L-PBF Inconel 718 Faulty or acceptable Photodiode data [269]
Ml classification

Semi-Supervised KNN and k-means clustering L-PBF AISilOMg Classification (“Drift” or Computer tomography [270]
Ml “No-drift™)

Semi-Supervised Deep learning models L-PBF 316L stainless steel Classify surface Optical in-situ monitoring [272]
Ml appearances data

Semi-Supervised Deep learning models L-PBF 316L stainless steel Classify surface Digital camera [274]
Ml appearances

Reinforcement - L-PBF 316L stainless steel Classification (poor, Acoustic emission signal [275]
Learning medium and high quality).

Reinforcement Constrained Markov decision L-PBF - Predict the stochastic X-ray computed [276]
Learning process (CMDP) evolving dynamics of tomography (XCT) and

defect states scanning optical
microscopy

Reinforcement - L-PBF - Spatially resolved and High dynamic range (HDR) [277]

Learning layer-wise prediction of the  optical imaging

surface roughness

9. Conclusion

This review has presented an integrated assessment of defect for-
mation, detection, and characterization in PBF additive manufacturing,
with particular emphasis on LPBF. The discussion systematically con-
nected the physical origins of common defects with the sensing modal-
ities, data-driven methods, and numerical models used to identify and
analyze them. By organizing the literature around defect mechanisms
rather than individual techniques, this work clarifies how process in-
stabilities manifest as measurable signatures during fabrication.

A critical evaluation of in-situ and ex-situ sensing technologies
showed how optical, infrared, thermographic, acoustic, and tomo-
graphic methods provide complementary information on melt-pool dy-
namics, thermal history, subsurface porosity, and geometric deviations.
While each technique has inherent limitations, their combined use en-
ables a more complete representation of the process state and improves
the reliability of defect detection in PBF systems.

The role of ML in transforming sensor data into process-relevant
information was examined across supervised, unsupervised, semi-
supervised, and reinforcement learning approaches. Although these
methods demonstrate strong capability for defect classification and
quality prediction, the review highlighted the importance of integrating
physical understanding to enhance interpretability and generalization.
In this context, multiscale numerical modeling, spanning thermal, melt-
pool, microstructural, and residual-stress simulations was shown to
provide both mechanistic insight and physically meaningful descriptors
that can be linked to sensing data and ML models.

Overall, this review offers a unified perspective that explicitly links
defect mechanisms, sensing technologies, ML approaches, and multi-
scale modeling within a single framework. By synthesizing these

75

traditionally separate research streams, the work provides a consoli-
dated reference for improving reliability, consistency, and qualification
readiness in PBF processes, supporting the advancement of high-
reliability additive manufacturing for mission-critical applications.
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