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Abstract

Wire Arc Additive Manufacturing (WAAM), also known as Wire Arc Directed Energy
Deposition, is used for fabricating large metallic components with high deposition rates.
However, the process often leads to residual stress, distortion, defects, undesirable mi-
crostructure, and inconsistent bead geometry. These challenges necessitate reliable in-situ
monitoring for process understanding, quality assurance, and control. While several re-
views exist on in-situ monitoring in other additive manufacturing processes, systematic
coverage of sensing methods specifically tailored for WAAM remains limited. This re-
view fills that gap by providing a comprehensive analysis of existing in-situ monitoring
approaches in WAAM, including thermal, optical, acoustic, electrical, force, and geo-
metric sensing. It compares the relative maturity and applicability of each technique,
highlights the challenges posed by arc light, spatter, and large melt pool dynamics, and
discusses recent advances in real-time defect detection and control, process monitoring,
microstructure and property prediction, and minimization of residual stress and distortion.
Apart from providing a synthesis of the existing literature, the review also provides re-
search needs, including the standardization of monitoring methodologies, the development
of scalable sensing systems, integration of advanced Al-driven data analytics, coupling
of real-time monitoring with multi-physics modeling, exploration of quantum sensing,
and the transition of current research from laboratory demonstrations to industrial-scale
WAAM implementation.

Keywords: wire arc additive manufacturing; 3D printing; wire arc deposition; welding;
gas metal arc; high-speed imaging; pyrometer; infrared; acoustic; quantum sensing

1. Introduction

Wire Arc Additive Manufacturing (WAAM) or Wire Arc Directed Energy Deposition
(WA-DED) is an additive manufacturing process that uses an electric arc as the heat source
and a metal wire as the feedstock to build near-net-shape metallic components layer by
layer [1-4]. WAAM offers high deposition rates, cost-effective material utilization, and
scalability for large structures [5-11]. Because of its high productivity and compatibility
with various metals such as titanium, aluminum, steel, and nickel alloys, WAAM has
gained significant attention in the aerospace, marine, and energy sectors [12-33]. However,
the process is characterized by complex thermal and fluid dynamics, resulting in residual
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stresses, porosity, uneven bead geometry, and distortion. These issues can degrade me-
chanical performance and limit industrial adoption. Therefore, in-situ monitoring plays
a crucial role in understanding and controlling the process. Real-time sensing enables
the detection of thermal anomalies, geometric deviations, and defect formation during
deposition, allowing the users to control them [34]. The integration of monitoring sys-
tems into WAAM is thus essential for achieving high-quality components for various
manufacturing applications.

Compared to other metal additive manufacturing processes, such as laser powder bed
fusion (LPBF) and laser-directed energy deposition (LDED), in-situ monitoring in WAAM
is growing faster [35,36]. A quantitative assessment of the literature based on the Web
of Science database (as illustrated in Figure 1) shows a significant disparity in research.
LPBF dominates the field, particularly in the use of infrared cameras, high-speed imaging,
and acoustic emission monitoring, each with several hundred studies. LDED also exhibits
strong research coverage. Because of these reasons, several review papers exist on in-situ
monitoring in LPBF [37-41] and LDED [42-45]. In contrast, the number of studies focused
on in-situ monitoring in WAAM is currently lower across almost all sensing modalities.
This discrepancy arises from the unique challenges it poses, including the large melt pool
size, spatter, arc light interference, safety concerns with the electric arc, and dynamic bead
surface. These factors complicate sensor calibration and data interpretation. The limited
but growing literature [46-50] on in-situ monitoring in WAAM highlights the need for a
dedicated review that consolidates existing research, compares sensing strategies, identifies
current challenges, and provides future research directions for reliable process monitoring.
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Figure 1. Literature data analysis using a heatmap based on Web of Science all database search on
3 November 2025. The heatmap includes data on the number of papers on various in-situ monitoring
methods for wire arc additive manufacturing (WAAM), laser directed energy deposition (LDED),
laser powder bed fusion (LPBF), and laser wire additive manufacturing (LWAM). This heatmap
shows that, compared to LDED and LPBF additive manufacturing, literature on in-situ monitoring of
WAAM is growing, which justifies the need for this review paper.
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In-situ monitoring in WAAM can be broadly classified into several categories (Figure 2)
based on the sensing principle and measurement objective [51]. Thermal monitoring
methods, such as infrared cameras, pyrometers, and thermocouples, capture temperature
distribution. Geometric and surface monitoring using optical systems enables real-time
tracking of bead height, width, and layer uniformity. Acoustic and vibration-based sen-
sors record transient mechanical signals associated with arc stability, droplet transfer,
and defect formation. Electrical signal monitoring, including voltage and current anal-
ysis, offers valuable process signatures that reflect variations in arc energy and material
transfer dynamics.
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Figure 2. Various in-situ monitoring systems in WAAM. Sub-figures are taken from [52-55].

This review provides a comprehensive synthesis of the current state of in-situ monitor-
ing in WAAM, emphasizing both sensing technologies and their practical applications. The
review first introduces the principles and measurement capabilities of various monitoring
methods used in WAAM, followed by detailed discussions on their implementation, data
analysis strategies, and correlation with process characteristics such as temperature field,
geometry, and defect formation. Challenges associated with sensor robustness, signal
interference, and real-time integration are analyzed to highlight limitations that impede
industrial deployment. The review also identifies emerging trends, including machine
learning-assisted monitoring, sensor fusion, and closed-loop feedback systems that are
driving the development of self-adaptive WAAM. Unlike previous reviews on LPBF [37-41]
and LDED [42-45] monitoring, this work uniquely addresses WAAM's distinct monitor-
ing requirements, where high heat input, arc-based energy deposition, and wire feeding
dynamics create fundamentally different challenges compared to the other AM processes.
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In addition, unlike existing reviews on laser-based systems, this work comprehensively
examines monitoring techniques tailored to arc-based phenomena, including acoustic metal
transfer signatures, electrical arc stability analysis, and thermal management for WAAM's
characteristically larger melt pools. By organizing existing knowledge and outlining key
research needs, this review aims to provide a foundation for future development of reliable,
intelligent, and autonomous WAAM systems.

2. Overview of In-Situ Monitoring in WAAM

WAAM is susceptible to various defects, including porosity, lack of fusion, distor-
tion, and inconsistent bead geometry, that can compromise the structural integrity and
mechanical properties of fabricated components [56]. These defects arise from the complex
interplay of process parameters such as heat input, travel speed, and shielding gas flow,
which create highly dynamic thermal conditions during deposition. In-situ monitoring
is essential because it enables real-time detection and correction of defects as they form,
allowing for immediate parameter adjustments that prevent defect propagation and reduce
costly post-process repairs or part rejection. Early diagnosis and mitigation of process-
induced defects are possible through the continuous recording of data and the real-time
analysis of signals [57]. This section begins with the goals of real-time monitoring, then
summarizes various monitoring sensors used in online inspection in WAAM. Finally, a
brief description of employing different strategies for online data collection in wire arc
deposition is provided.

2.1. Goals of In-Situ Monitoring

Various sensors utilized in WAAM to enable the accurate and reliable detection of
process features are summarized in Table 1. Optical and vision-based monitoring uses
high-speed cameras, CCD (Charge-Coupled Device), CMOS (Complementary Metal-Oxide-
Semiconductor), and spectrometers to capture melt pool geometry and arc stability, de-
tecting defects like humping and bead irregularities through image processing. Acoustic
and sound-based monitoring analyzes sound emissions during WAAM, where acoustic
signature variations indicate arc instability, spatter, and porosity in a non-intrusive man-
ner. Electrical signal monitoring tracks current and voltage waveforms to characterize arc
behavior, with deviations signaling issues like short circuits or inconsistent wire feed. Ther-
mal and temperature monitoring employs infrared cameras and pyrometers to measure
temperature distributions and cooling rates, controlling thermal gradients and preventing
hot cracking and distortion. Force and vibration monitoring uses accelerometers and load
cells to detect mechanical disturbances, revealing wire feeding irregularities, tip wear, and
issues affecting dimensional accuracy.

Controlling the dynamic behavior of the molten pool has a direct impact on improving
the quality of the deposited bead during deposition [58]. Integrating advanced sensors
into the WAAM system enhances arc stability and ensures process reliability during de-
position [59-62]. To reduce deposition deviation in WAAM, a real-time inspection system
is required to act as an adaptive feedback unit, adjusting process parameters based on
in-situ measurements of signal changes [63]. In addition to process parameters, dwell time
has a strong impact on geometrical accuracy [64]. Insufficient cooling time between layers
increases the temperature gradient, causing part distortion [64]. Moreover, the build-up
strategy is another crucial step in fabricating complex structures [65]. By using tool path
planning with the COBOT-assisted WAAM system, continuous deposition minimizes arc
instabilities, thereby reducing residual stresses [66]. Although real-time monitoring allows
for the detection of process-induced defects, the high brightness of the arc and the increased
temperature environment in WAAM introduce significant sensing errors [67]. Filtering melt
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pool signals without losing important data is a significant challenge, as it is a crucial step
in capturing precise data on melt pool behavior [61,68]. The upcoming section provides a

brief explanation of the various sensing techniques for real-time monitoring of WAAM.

Table 1. Selected examples of various real-time monitoring methods in WAAM.

Various in-Situ : Measurable
Monitoring Equipment Parameters Measurement Approach Ref.
The infrared camera detects radiative energy from the molten
IR camera Thermal (infrared)  pool and its surrounding area to generate thermal intensity [69]
intensity maps, which show temperature variations during the WAAM
process.
They measure the nozzle to work distance indirectly by
Nozzle-to-work measuring the wire that sticks out through semantic
CMOS sensor distance segmentation, and add it to a hidden length of wire in the (58]
nozzle
Optical and Melt-pool contact Processing of the captured images of the melt pool to extract
ST its boundary profile. The melt pool edge is then fitted with
vision-based CCD camera angles and arc t tli t i ints usi tric fitti [70]
monitoring radius angent lines at specific points using a geometric fitting
algorithm
A CMOS sensor captures the optical emission from the molten
pool. It detects molten pool signals by using pixel-intensity
CMOS sensor ~ Molten pool region  tracking. The captured image sequence is analyzed over time  [55]
to determine how quickly droplets change and how stable the
arc remains.
Light intensity Droplet size and detachment frequency are extracted through
CMOS sensor distribution from image-processing techniques applied to the light-intensity [71]
the melt pool distribution captured in successive frames.
. The sound signal goes through FFT analysis to obtain
. Acoustic pressure ; : .
Acoustic - . frequency-domain features that include dominant frequency
signal emitted by . L [72]
sensor and spectral power, and bandwidth measurements, which link
the arc 1 .
to metal transfer stability and weld quality.
Acoustic and Shure SM57 Acoustic pressure  The microphone converts sound pressure waves into electrical
sound-based dynamic fluctuation emitted  signals, which become digital data for stability feature and [73]
monitoring microphone by the welding arc defect indicator analysis through wavelet coefficients.
The microphone records the acoustic pressure waveform from
Microphone Sound waveform the welding arc. The kurtosis value of this sound signal, [74]
p which stems from the time-domain waveform, helps evaluate
arc stability and forecast metal deposition performance.
Current/voltage The recorded electrical signals received wavelet denoising and
signal Welding current time-domain analysis to extract average, RMS, and peak (75]
acquisition and arc voltage values. Variation in recorded signals affects the molten pool
Electrical signal system droplet behavior and arc stability.
monitoring Lincoln Power . Arec stability and droplet transfer behavior can be deduced by
Welding current . . O
Wave software and veltage analyzing current and voltage in short-circuit and pulsed [55]
2025 & transfer operations
Passive The measurement process is performed with online
infrared Infrared radiance ~ thermograph acquisition, then image analysis helps to detect [76]
thermography map thermal irregularities (hotspots and non-uniform cooling
Thermal and camera patterns), which indicate weld defects.
temperature
monitoring Two measurement approaches, the Upper Pyrometer and
Thermocouple Inter-1 Sideward Pyrometer measurement techniques, are used
and IR ¢ er-ayer through sensor placement at set arc distances, followed by [52]
emperature .9 . . . . .
pyrometer emissivity calibration, to determine their effectiveness for
temperature control between layers.
A force sensor monitors the contact force between the
dry-coupled ultrasonic roller probe and the WAAM surface.
Force Torque Contact f The robotic controller performs Z-axis adjustments to the [62]
sensor ontact force probe in real time for stable contact pressure maintenance,
Force and vibration which allows reliable in-process ultrasonic data acquisition
monitoring during layer-by-layer inspection.
Vibration sen- A . oleration ampli- By measuring the acceleration amplitude/frequency, and
sor/acceleration tude/fre uencp combining with imaging of the arc, the arc morphology, and [54]
sensor ! y droplet transition behavior can be analyzed.
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2.2. Types of Signals and Parameters Measurable in WAAM

Various sensing modalities have been developed to monitor the complex physical
phenomena occurring during WAAM, each capturing different aspects of the process dy-
namics. These monitoring signals range from optical emissions and acoustic signatures to
electrical parameters, thermal profiles, and mechanical vibrations, providing complemen-
tary information about process stability and part quality. The integration of multiple signal
types enables comprehensive process characterization, facilitating early defect detection
and closed-loop control strategies for improved manufacturing reliability. In addition,
real-time monitoring of the deposition formation leads to better dimensional accuracy,
which can be controlled by optical monitoring. However, spatter generation by molten pool
instability during the arc deposition process can distort optical signals and may reduce the
accuracy of the reported data [77,78]. Another method is to use an acoustic emission sensor
during the deposition process, which provides a better understanding of the melt pool
behavior and the internal material properties of the deposited beads. Arc-sound monitoring
is sensitive to arc instability, but it cannot reliably identify or localize all defect types [73].
Thermography, like an IR camera, can provide non-contact temperature measurements;
however, the measurement accuracy is influenced by the surface condition [79]. Electrical
signal monitoring is a technique used to understand arc fluctuations and droplet transfer
through changes in current and voltage [75]. In addition to electrical sensing, a force and
vibration sensor can measure dynamic mechanical responses. Various sensing approaches
for in-situ monitoring in WAAM are categorized based on their interaction with the process,
which is discussed in the subsequent section.

2.3. Monitoring Strategies: Direct vs. Indirect, Intrusive vs. Non-Intrusive

Various monitoring methods are used in WAAM; some of them measure the vari-
able directly, like strain gauges. Piezoresistive thin-film gauges measure strain through
resistance changes, which produce measurable voltage signals for affordable in-situ strain
monitoring of small-scale objects [80]. However, the operating conditions in WAAM make
conventional piezoelectric sensors unsuitable [81]. Elevated temperatures can cause ele-
ment depolarization and bonding deterioration, while intense electromagnetic interference
from the arc requires specialized shielding and isolation to protect the signal-conditioning
electronics [81]. The protection thickness can vary, depending on the deposition condi-
tions [81]. This method of signal monitoring is intrusive and can be embedded in the
fabrication part. Some intrusive in-situ monitoring systems are easy to install and offer
accurate measurements in the specific location. However, as they need to be installed on
the substrate surface, such as thermocouples, they may not display the data immediately
and may interfere with the WAAM process, as shown in Figure 3. Moreover, temperature
acquisition in WAAM is prone to uncertainty because electromagnetic emission and radiant
heat from the arc and molten pool can contaminate the sensor reading [52]. Contactless and
non-intrusive real-time monitoring systems rely on indirect signal measurement, which is
preferred because they are less constrained by the substrate geometry [52]. However, as
they achieve their data through monitoring the surface, some defects, such as oxidation and
contamination, can cause data acquisition errors [82]. Moreover, for non-contact thermal
measurements, such as those obtained using a pyrometer in Figure 3, a sharp fluctuation in
arc brightness can introduce significant measurement error [52]. Therefore, the choice of
in-situ monitoring strategy depends on the respective advantages and limitations of each
method. The subsequent sections provide a detailed review of those monitoring strategies.
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Figure 3. Location of thermocouple and sideward pyrometer for interlayer temperature measurement
in the multilayer deposition process in WAAM [52].

3. Optical and Vision-Based Monitoring

The quality of WAAM parts depends on the behavior of the molten pool, and vision-
based sensing offers the most direct means of capturing its dynamics [83]. High-speed
cameras capture rapid events during WAAM at frame rates exceeding 1000 fps, enabling
visualization of droplet transfer and melt pool behavior invisible to conventional imaging.
CCD (Charge-Coupled Device) and CMOS (Complementary Metal-Oxide-Semiconductor)
systems are solid-state sensors converting optical signals to electrical data, with CMOS
offering faster readout and lower power consumption while CCD provides superior low-
light image quality. Infrared imaging measures temperature distributions and thermal
gradients across deposited material without physical contact. In this section, these monitor-
ing methods are reviewed. Additionally, methods for extracting the molten-pool geometry,
bead shape, and surface condition from these images are presented.

3.1. High-Speed Cameras, CCD/CMOS Systems

The process reliability of WAAM improves through vision-based monitoring, which
minimizes the total amount of accumulated deviations that occur during each layer of
deposition [84-87]. The optical monitoring system operates in two real-time stages. In the
first stage, an optical system captures the dynamic behavior of the melt pool to characterize
the evolution of the bead geometry and surface topography [88]. In the second stage,
the recorded data are analyzed using image processing techniques to extract quantitative
information about the melt pool and deposition quality [88]. Processing the image begins
with acquiring data from the designated area, followed by analyzing the image by dif-
ferentiating it from nearby objects [89,90]. Through image segmentation, image clarity
increases, and by removing noise from the area of interest, the required feature becomes
clearer than the surrounding region [91,92]. Figure 4 illustrates the use of a CCD camera
as a vision-based monitoring method [70]. Using the force balance estimation method can
predict pool stability from measuring contact angles and analyzing the geometry of the
molten pool through using deep learning algorithms in fabricating a suspended rod, shown
in Figure 4 [70,89,93]. Transferring the acquired data to the controller enables real-time
optimization of process parameters, which reduces molten metal sagging and improves the
structural integrity of the near-suspended geometry [70]. Therefore, the process requires
constant observation of the melt pool behavior to prevent rod collapse, which can result in
damaged structures [70]. If the droplet detachment force is excluded from force-balance
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equations, the method becomes less accurate under dynamic metal transfer conditions,
particularly when measuring the transient effects of droplet impact and arc fluctuation.

A vision-based monitoring system tracks pool variation through calibrated machine
vision to adjust process parameters in real-time [94]. Both CCD and CMOS sensors have
been used for WAAM vision monitoring [95]. For high-speed imaging of metal transfer and
melt-pool dynamics, CMOS is preferred due to its reading speed and higher frame-rate ca-
pability [95]. A COBOT integrated WAAM with Cavitar C300 as a high-speed camera used
to monitor for droplet transfer in real time [55]. In this approach, different metal transfer
modes were employed to consider the effect of gravity on deposition quality [55]. By using
short-circuit mode in the deposition direction against gravity, as shown in Figure 5 [55],
capturing the droplet transition provides a better understanding of the deposition process.
Figure 5a shows the onset of the molten droplet formation. Then, the Electromagnetic
pinch transfers the droplet from the wire tip into the weld pool, as shown in Figure 5b.
However, due to the gravitational effect, the droplet enters the pool with a deviation from
its intended path, which affects the final deposition shape, as shown in Figure 5¢c. Delay in
droplet detachment and arc instability result in droplet enlargement, as shown in Figure 5d.
Gravity enhances droplet sagging when the substrate is held vertically (at a 90-degree
angle to the horizon), which promotes insufficient fusion. Finally, the melt pool flows
downward, as shown in Figure 5e. Since there is no supporting bead for the first part of
the deposition, the bulge is shaped [55]. The lack of stability during the process leads to
disrupting the deposition consistency. By tracking those changes during arc deposition
in real-time, process parameter adjustments based on vision-based monitoring provide
a better quality in WAAM [55]. Optical-based monitoring utilizes visible light to detect
process-induced defects, whereas accurate temperature distribution measurement relies on
infrared radiation, which is mentioned in the next section.

- L
Gray image™

State detection of near-suspended solidification molten pool
based on visual perception

U-net Segmentation

Parameter detection
.

R’
Tungsten pole
R2 /

Molten pool

Arc force

Normal

LS

Reclinate Collapsed 1

The state of molten pool Prediction Y@

Force analysis

Figure 4. An example of the application of a CCD (Charge-Coupled Device) camera as a vision-based
monitoring system in fabricating nearly suspended geometry using WAAM. Vision-based, deep-
learning segmentation of the melt pool on high-speed camera frames to estimate melt-pool force
balance and predict collapsing states in the unsupported rod [70].
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Figure 5. The use of high-speed imaging of deposition on a vertical plate against gravity by using the
short-circuit transfer mode during bottom-to-top deposition. (a) It begins with a droplet forming at
the tip of the wire; (b) gravity pulls it downward, causing it to goes off its intended deposition path;
(c) the size of droplet increased as a result of delayed detachment and arc instability; (d) downward
force prevents proper fusion and causes sagging; and finally, (e) droplet detaches, resulting in bulging
at the lower region of the bead and reducing the deposition uniformity. This figure is owned by
the authors.

3.2. Infrared Cameras

An infrared (IR) camera system enables the visualization and detection of thermal
fluctuations and bead irregularities during the welding process. These anomalies cause
inconsistent deposition in the WAAM system [96]. Some inconsistencies occur in the
deposited bead during arc initiation and extinction, which can be detected through an
IR system. Figure 6 [97] illustrates an experimental setup that comprises a camera for
monitoring the molten pool behavior and an IR system for capturing the spatial temperature
variation during deposition. This in-situ monitoring technique provides a clear image of the
molten pool geometry, which is less affected by the arc brightness during the process [98].
Therefore, integrating an IR camera for online inspection provides real-time feedback on
process conditions, allowing for parameter adjustments, which in turn provides a better
understanding of process stability [98]. During WAAM, the emitted infrared radiation
from the molten pool is recorded as raw pixel intensities in the thermal image [98]. By
applying an emissivity value, the thermographic system converts these pixel intensities
into a temperature field. However, obtaining accurate temperature data during deposition
is highly related to the accuracy of the emissivity used, which makes emissivity calibration
a critical source of uncertainty in IR-based temperature measurements [99]. Wire stick-out,
defined as the distance between the contact tip and the arc, influences arc stability and
the resulting bead quality [100]. In addition, the deposited track width reflects deposition
consistency and can be adjusted through sensor-based feedback control [100]. Therefore,
identifying the arc flame to measure the wire stick-out length is plausible by using a
fast object detection deep learning algorithm [100], which is used for RGB images. The
application range of infrared-based welding defect detection can be expanded through
the integration of 3D imaging techniques that complement those employed with RGB
cameras [100]. Optical imaging and infrared cameras, which are reviewed in the last two
sections, can provide insight into monitoring molten pool geometry, bead shape, and
surface morphology, as discussed in the following section.
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Figure 6. Experimental setup for in-situ monitoring in WAAM with the help of a robotic system:
(a) schematic and (b) welding system [97].

3.3. Molten Pool Geometry, Bead Shape, and Surface Condition Monitoring

Maintaining arc stability during the WAAM process results in less spatter, smoother
droplet transfer, improved bead formation, and high-quality deposition [101]. However,
reaching that target requires understanding the arc morphology and its relation to process
parameters to mitigate defect formation [101]. Real-time monitoring of crucial process
parameters, combined with feedback adjustment, ensures that an acceptable forming
quality is maintained during WAAM [102,103]. High-speed in-process imaging during
deposition against gravity offers the possibility of tracking the behavior of the molten
pool across different substrate angles [55]. As shown in Figure 7 [55], pulse transfer
mode provides more consistent beads by increasing droplet transfer velocity and reducing
heat input, thereby mitigating gravity-induced arc destabilization [55]. Figure 7a shows
droplet formation at the wire tip [55]. In Figure 7b, the current peak drives a decisive
electromagnetic pinch-off [55]. In Figure 7c detached droplet enters the pool with little
gravitational deflection, and in Figure 7d, it fused smoothly into the weld pool [55].

A structured-light laser and a high-speed camera were integrated to capture molten
pool and bead formation in the active visual sensing framework for WAAM based on
CMT [104]. To separate the useful regions representing the laser stripes and the molten
pool from the background noise caused by arc-light interference, the obtained pictures
underwent pre-processing using range of interest (ROI) segmentation and filtering [104].
Direct assessment of pool geometry during deposition was made possible by measuring
the molten pool width and height by tracking the pool boundary and wire location. As the
wall height in multilayer deposition is increased layer by layer, the sensing system records
changes in the shape of the beads and surface morphology [104].

Optical and vision-based monitoring has emerged as the most widely adopted in-situ
sensing approach in WAAM due to its ability to provide rich, non-contact information
about critical process features, including melt pool dynamics, bead geometry evolution,
and surface quality characteristics. The complementary nature of visible-spectrum imaging
(capturing arc behavior, droplet transfer, and geometric features in Section 3.1) and infrared
thermography (revealing thermal distributions in Section 3.2) enables comprehensive
process characterization that correlates directly with final part quality, making multi-modal
optical systems particularly effective for defect prediction and control. The external quality
of deposition is accessed through vision-based monitoring, whereas acoustic sensing
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provides insight into the underlying process dynamics of WAAM, which are described in
the next section.

<, Deposition
irection

Figure 7. High-speed imaging of deposition against gravity: (a) droplet formation at the wire tip
during the base current, (b) pulse peak induces electromagnetic pinch and detachment, (c) detached
droplet enters the molten pool under pulse force, and (d) the droplet impinges and fuses. This figure
is owned by the authors.

4. Acoustic and Sound-Based Monitoring

Acoustic and sound-based monitoring are common non-destructive inspection meth-
ods used to detect geometric inconsistencies in large and complex parts fabricated by
WAAM [73]. Fumes, bright arcs, and oxidation are environmental conditions in WAAM that
may make vision-based online defect detection less reliable [82]. Acoustic and sound-based
monitoring is an effective technique for controlling deposition consistency in real-time,
thereby optimizing the chosen process parameters [105]. Acoustic emission sensors detect
high-frequency stress waves generated by microstructural changes, crack formation, and
material deformation during WAAM, providing early warning of defects at frequencies
typically ranging from 100 kHz to several MHz. Arc sound monitoring captures audible
acoustic signals produced by arc plasma oscillations and metal transfer, where variations in
sound frequency and amplitude correlate with process stability, shielding gas effectiveness,
and defect formation. These sensors are reviewed here.

4.1. Acoustic Emission Sensors

The process of real-time acoustic monitoring for arc deposition consists of three stages,
which include background noise suppression from raw signals, extraction of stability in-
dicators from processed acoustic data, and real-time WA AM monitoring through online
indicator tracking [73]. Figure 8 [73] shows the WAAM system with a Shure SM57, a dy-
namic cardioid microphone serving as the acoustic sensor, which is installed on the welding
torch to maintain a consistent distance from the arc. Three thin walls, each with a different
contaminant (chalk, oil, and sand) considered to create arc instability in the same way as the
practical WAAM situation, which is prone to penetration of contaminants [106]. Those con-
taminations are created in the specific location by drilling a hole, as shown in Figure 9 [73].
Based on Figure 9(al), the chalk powder makes the arc unstable by disrupting the argon gas,
which results in inconsistent deposition with thickness changes along the track, as shown
in Figure 9(a3) [73]. Through the raw acoustic signal, the chalk contamination is clearly
visible, as indicated by the green section in Figure 9(a2) [73]. However, detecting a pore at
the end of the track in the raw acoustic signal is not possible [73]. In Figure 9(b1), since the
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boiling point of the used oil is less than the molten pool temperature, the contamination
not only disrupts the shielding gas but also creates large pores, as shown in Figure 9(b3).
As shown in Figure 9(b2), the background noise makes it hard to separate arc instability
and defect formation from the rest of the raw acoustic signals. In Figure 9(c1), the higher
density of sand in comparison to other contaminants does not disturb the shielding gas
and the arc stability, as the hole is not big enough to prevent the arc from moving. Based
on Figure 9(c2,c3), the individual perception of the acoustic signal and the track shows
fewer flaws compared to the previous contaminations. The method cannot identify the
specific defect; it only flags that the arc behavior is abnormal [73]. The monitoring system
of arc sound detects airborne signals produced in the arc area, providing better sensitivity
to process disturbances that affect arc behavior through metal transfer and changes in arc
stability, and thus better reveals shielding-gas-related irregularities, which are described in

the next section.

Welding Torch Shure SM57

Z

Thin Wall Part @ 20°

Substrate

Figure 8. (a) WAAM system with Shure SM57 as an acoustic sensor; (b) schematic of the experimental
setup with specifying the exact location of the sensor [73].

4.2. Arc Sound Monitoring for Defect Detection

Although industrial background noise can impede the accurate analysis of welding
acoustics, effective noise suppression enables acoustic monitoring to outperform many in
situ techniques for detecting process instabilities [107]. The raw welding sound enables
researchers to extract two essential metrics, including root mean square (RMS) for metal
transfer intensity measurement and kurtosis for evaluating the sharpness of the arc sound
signal [72]. Under constant-voltage conditions, the quantity of spatter and the dynamics
of metal transfer are the principal variables that correlate with arc acoustic pressure [108].
As the welding speed increases and the arc power decreases, the sound pressure of the arc
decreases [108]. By considering the changes in process parameters on the arc sound, a clear
understanding of the relationship between defect formation and arc sound can be achieved.
When more material is deposited due to increased wire feed rate, the RMS values of the arc
sound also increase. However, at the very low feed rate, the RMS is higher, which might be
caused by increased spatter during deposition [72].

Acoustic monitoring offers a cost-effective and non-intrusive alternative to optical
methods (Section 4.1), with the unique capability to detect subsurface defects such as
porosity, cracking, and lack of fusion that are invisible to camera-based systems through
high-frequency acoustic emission analysis. Arc sound monitoring (Section 4.2) in the
audible frequency range provides real-time feedback on process stability and shielding
gas effectiveness, where characteristic sound signatures correlate strongly with metal
transfer modes and arc disturbances, enabling rapid defect detection without the line-of-
sight limitations or calibration complexities associated with vision-based approaches. The

https://doi.org/10.3390 /machines14010019


https://doi.org/10.3390/machines14010019

Machines 2026, 14, 19

13 of 49

behavior of the arc can be monitored by analyzing its sound; however, several monitoring
methods exist to obtain the features of the arc by monitoring the electrical signal, such as
current and voltage, which is described in the next section.
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Figure 9. Schematic of the location of the defect in regard to the welding torch: (al) introduction of
chalk contamination, and (a2) its signature in the raw acoustic trace. (a3) Corresponding track-width
variations aligned to the contamination site. (b1) Introduction of oil contamination. (b2) Raw acoustic
signal at the same defect location. (b3) Track-width changes mapped to the oil-contaminated region.
(c1) Sand contamination. (c2) Raw acoustic signal shows no obvious change. (¢3) Defects are not
visually discernible in the track for this case [73].

5. Electrical Signal Monitoring

Another real-time inspection technique in WAAM is tracking electrical signals by
monitoring current and voltage [75]. Arc voltage and current sensing monitors real-time
electrical parameters to characterize energy input and arc stability, with deviations indicat-
ing short circuits, arc length variations, or heat input inconsistencies. Wire feed rate and
travel speed monitoring tracks material deposition rates and torch movement to ensure
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consistent bead geometry, while power fluctuation detection identifies instabilities in the
power source that can cause defects like lack of fusion or excessive penetration.

5.1. Arc Voltage and Current Sensing

The monitoring of key WAAM parameters through continuous observation of current
and voltage facilitates the determination of defects during fabrication [103]. By provid-
ing real-time adjustments during the deposition process, parts with minimal variability
and improved forming quality will be produced [102]. The WAAM system, as shown
in Figure 10, consisted of a Trans Plus Synergic 4000 CMT (manufactured by Fronius,
Pettenbach, Austria) power source, which operated with a KUKA KR10R 1420 C4 robot
(produced by KUKA company, a manufacturer of industrial robots, headquarters is in
Augsburg, Germany), a VR1500 4R /F++ROBOTER as a wire feeder, a current and volt-
age acquisition unit, and an AcutEye high-speed camera(developed by Hunan Kotianjian
Optoelectronics Technology Co., Ltd. (Changsha, China) [75]. The electrical monitoring
system consisted of three main components: a current-voltage acquisition unit, a signal
processing module, and a computer [75]. The acquisition unit maintained a connection
to the CMT power source, allowing for the monitoring of waveforms as they occurred in
real-time. The monitoring system tracks two signals that measure current and voltage.
The periodic changes in arc length and circuit resistance, caused by droplet transfer and
arc formation, result in corresponding variations in current and voltage. Electrical signal
behavior enables the detection of arc interruption and extinction, facilitating the evaluation
of arc stability [75]. The relationship between current/voltage signals and droplet transfer
is shown in Figure 11 [75]. Figure 11a shows that when a short-circuit transfer happens, the
current becomes less than 60 A and the voltage decreases to 0.5-0.8 V, while the wire feed
direction reverses and both signals decrease to zero [75]. In Figure 11b, the current and
voltage rise again as the arc re-ignites [75]. As shown in Figure 11c¢,d, the signals remain
almost constant for roughly 40 ms during the peak-current stage as the droplet grows and
its neck contracts under electromagnetic force [75]. Finally, in Figure 11e, both current and
voltage slightly decrease as the wire feeds downward and the arc narrows, until contact
with the molten pool triggers another short-circuit transfer (Figure 11f).

Analyzing a single cycle of the metal transfer process allows for a clearer identification
of the correlation between waveform variation and molten pool behavior. Figure 12a—f [55]
shows synchronized electrical waveform and high-speed imaging of the molten pool for
deposition on the vertical substrate in pulsed WA-DED. The current and voltage traces in
Figure 12a,b span a single transfer cycle. As the cycle begins, a droplet nucleates at the low
current shown in Figure 12¢ [55]. Then, by increasing the current in Figure 12d, the droplet
grows, and when it reaches its peak in Figure 12e, the electromagnetic pinch force drives
the droplet to the weld pool, and finally, in Figure 12f, the droplet traverses to the pool,
and the cycle repeats [55]. Compared to against-gravity deposition, depositing along the
gravity reduces gravity-driven pool disturbance and lowers the impact of process-induced
surface defects. However, it can exacerbate the lack of fusion unless the process parameters
and metal transfer mode are adjusted properly. The primary electrical signals in WAAM
consist of instantaneous current and arc voltage measurements, which directly come from
the power source to show the physical changes in arc length and short-circuit occurrences
and transfer stability [101]. However, the secondary voltage/current indicators for arc
stability and metal transfer behavior are mathematically derived from these waveforms
through power, RMS, and kurtosis calculations [101]. Electrical signals during WAAM are
not only associated with the generation of current and voltage but are also influenced by
the wire feed rate. Since the generation of the arc and its stability in WAAM depend on
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the wire feed rate, in-situ monitoring of the wire feed rate is crucial for ensuring process
reliability, as described in the next section.

Computer -
Welding
Machine
Current/voltage
signal ® 1°[ & ,
acquisition || I é 1nn /
system i | 5| wmn y
‘/"
/ / Shielding gas
’ cylinder
Signal _—
processing @?.m.“”..‘.‘?@
system v D Robot control
cabinet

(a) Short circuit stage

Figure 10. Schematic of the WAAM system with equipment for monitoring the current and voltage in
the online system inspection [75].

Arcing stage ((l) Stable arc stage (e) Closing arc stage (ﬂ Short circuit stage

(b)

(c) Stable arc stage

N
o

-
o

Voltage uw/(V)

o

(hy250

—
o
o
o
= J
p=g
L9
o
-

0 1250 1800 1350 14bo

Time t/(ms)

Z 200
150
100

Current i /(

()}
o

0
1000

1050

1250 1300 1350 1400 1450 1500

Time t/(ms)

1100 1150 1200

Figure 11. The correlation between droplet transfer behavior and current/voltage waveforms in
WAAM is illustrated through the following stages: (a) short-circuit phase, (b) arcing phase, (c,d) stable
arc period, (e) arc-ending phase, (f) return to short-circuit, along with (g) the corresponding voltage
evolution and (h) the associated current variation over time [75].
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Figure 12. High-speed imaging of pool behavior with waveform monitoring on a vertical substrate
toward gravity: (a) Current and (b) voltage monitoring for pulse metal transfer. (c) shows that the
droplet nucleates and grows at the wire tip, (d) rising current enlarges the droplet, (e) peak current
drives pinch-off, and (f) droplet fuses with substrate. This figure is owned by the authors.

5.2. Wire Feed Rate, Travel Speed, and Power Fluctuations

In WAAM, the behavior of molten droplets at the wire tip determines the stability of
the arc, the efficiency of heat transfer, and the overall integrity of the deposited beads [101].
Since every short-circuit transfer induces disturbances in current, voltage, and acoustic
response, the morphology of the droplet influences the transient behavior of the arc, which
is recorded by an in-situ monitoring system [109]. Parameters such as wire feed rate and
travel speed determine the amount of heat delivered per unit length, thereby controlling
how quickly the droplet grows and detaches [109]. This relationship is very evident in
Figure 13 [75]. As the welding speed increases, the droplets become smaller. This is because
the arc stays over a certain spot for a shorter time, the heat input per unit length decreases,
and the droplet has less time to expand before it breaks. As the travel speed decreases, the
heat input increases, leading to larger droplet formation and a prolonged necking stage
before detachment. As a result, the recorded voltage, current, and acoustic signals exhibit
altered periodic patterns during the deposition process. For larger droplets, the cycles are
slower and have a greater amplitude, whereas for small droplets, the cycles are faster and
more uniform [75]. Therefore, the visual droplet evolution in Figure 13 not only represents
a physical phenomenon but also explains the distinct responses observed in electrical,
acoustic, and vision-based in-situ monitoring systems.

While electrical signal monitoring provides valuable real-time data on arc behav-
ior and energy input characteristics, and the consistency of the deposition process can
be significantly improved through optimization of related parameters such as wire feed
rate, travel speed, and power fluctuations, these electrical signatures offer limited insight
into the thermal consequences and material behavior resulting from energy deposition.
Temperature-based monitoring techniques, discussed in the following section, comple-
ment electrical measurements by providing direct and accurate information about heat
transfer mechanisms, thermal accumulation effects, cooling behavior, and the thermal
conditions that govern phase transformations and defect formation, thereby enabling more
comprehensive process understanding and control strategies.

https://doi.org/10.3390 /machines14010019


https://doi.org/10.3390/machines14010019

Machines 2026, 14, 19

17 of 49

(a)

(b)

(c)

(d)

v,=120 cm/min 1‘)',; 180 cm/min v,=240 cm/min

v,=120 cm/min v,,=180 cm/min v J240 cm/min

3 = 3

o

120 cov/min v~5.5 m/min
B 20 co/min
240 co/min

o

Droplet diameter (mm)
>

~ -
8
8
x H

12 4
Welding speed (cm/min)

0 cm/min v,=180 cm/min = emimin =60 mimin
== 180 cm/min

. 240 cm/min

@

¥

'

@

=

-

Droplet diameter (mm)

0 180 240

12
Welding speed (cm/min)

v,,=180 cm/min v,=240 cm/min = 20cwmm v 6.5 mmin
! == (80 cmimin 4

== 240 cm/min

o

Droplet diameter (mm)
5 = >

!
N

120 180 240
Welding speed (cm/min)

== 120 em/min
== |80 cm/min
== 240 cm/min

v~7.0 m/min

o

Droplet diameter (mm)
I S 5

120 180 240
Welding speed (cm/min)

Figure 13. Droplet morphology under different welding speeds at a fixed wire feed rate during
WAAM of AA 2319 [75]. vy is a travel speed, and v¢ shows the wire feed rate. (a) At a wire feed
rate of 5.5 m/min, increasing travel speed produces smaller droplets prior to detachment. (b) At
V¢ = 6 m/min, the droplet diameters at 120 and 180 cm/min become comparable. (c) At a wire feed
rate of 6.5 m/min, the same trend persists, with higher travel speeds generating finer droplets. (d) By
increasing the wire feed rate to 7 m/min, the lowest travel speed yields the largest droplets, while
faster travel speeds continue to promote smaller droplet formation. The droplet size at the wire tip is
indicated by the red double-headed arrow.

6. Thermal and Temperature Monitoring

Thermocouples function as an affordable piece of equipment, commonly used for
measuring local temperature [110,111]. However, thermocouples are a contact-based
measurement approach that cannot monitor the molten pool temperature. Since this
measurement technique has been extensively used in the literature, it is not reviewed
in this section. Instead, non-contact temperature measurement methods, such as an IR
camera and a pyrometer, and their importance in predicting the temperature variations
and cooling rate are described in the following sections. Infrared thermography provides
two-dimensional temperature field mapping across the workpiece surface using thermal
cameras. Pyrometers are point-measurement devices that determine temperature at specific
locations by detecting emitted thermal radiation.

6.1. Infrared Thermography

Thermal imaging, or infrared thermography, is a method of visualizing heat by cre-
ating an image of surface temperatures and their fluctuations using infrared light [112].
Within the weld block, a temperature gradient forms due to the reheating and cooling
cycles of successively deposited layers in WAAM [113]. The thermographic image shown
in Figure 14, captured by an infrared camera, reveals the temperature distribution in the
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uppermost deposited layer during multilayer deposition [113]. An increase in heat in-
put enlarges the heat-affected zone (HAZ), leading to greater heat accumulation within
the material. Heat accumulation in the deposited beads has a significant impact on the
disruption of the geometrical precision of the next layer [114,115]. This deviation alters
the distance between the melt pool and the welding wire, thereby affecting arc stability
during deposition. Monitoring the interlayer temperature is a promising approach to
reducing geometric deviation in the upper layers, which is caused by insufficient cooling
time in the lower layers [114,115]. This temperature is defined as the surface temperature
of the previously deposited layer before the start of the new layer [116]. Several variables
influence the measurement of the temperature distribution. Three main factors in ther-
mographic measurements are welding conditions, suitable emissivity, and transmittance.
The welding atmosphere in the building environment and the generated fumes affect the
accuracy of thermographic measurements during WAAM [116]. Substrate temperature
and its coloration are both factors that impact emissivity [117,118], while transmission is
related to atmospheric variables such as temperature and humidity. Moreover, the location
of the camera relative to the surface is another variable that affects both transmission and
emissivity [116-118]. For measuring emissivity, an infrared camera and thermocouples
can be used [111]. However, unreliable results may be achieved in a rapid transient en-
vironment in WAAM, as process interface and signal delay can decrease measurement
accuracy [79,119].

Infrared cameras cannot be affected by the contact measurement problem, as they mon-
itor the surface from a distance. Their main problem is their dependence on emissivity [52].
Therefore, any sort of surface contamination affects emissivity and thus causes a deviation
in measurement [82]. Another issue during in-situ monitoring of arc deposition is the
increased light and electromagnetic radiation during deposition, which makes it difficult
for the pyrometer to detect infrared radiation [120]. However, covering the high radiance of
the arc during deposition and measuring the temperature is feasible using pyrometers [121].
Figure 15 shows the location of the IR camera regarding the part [122]. To minimize the
effect of arc brightness on temperature measurement during welding, a region of interest
(ROI) is defined, located at a fixed offset from the molten pool on the most recent layer [122].
Each technique has its own pros and cons. However, some errors can still occur due to
welding conditions, their temperature dependence, and the lack of calibrated instruments,
which necessitates the use of a pyrometer as an accurate measurement approach for in-situ
monitoring in WAAM [123].

Deposition direction

Molten pool

Substrate

Figure 14. IR thermographic image of the last deposited bead in multilayer WAAM [113].
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Figure 15. Schematic of the WAAM thermography setup (camera location, protective window) used
to calibrate emissivity and transmittance to acquire absolute interlayer temperatures [122].

6.2. Pyrometers

The interlayer temperature (IT) in WAAM represents the temperature measurement
at specific points on the newly deposited layer before the start of the next pass, which
can be measured using pyrometers. There are two pyrometric strategies for capturing IT
in WAAM, as shown in Figure 16 [52]. The first is the upper-pyrometer approach. The
sensor views downward onto a spot on the top surface just ahead of the melt pool. The
measurement location near the pool surface enhances the detection of pool dimensions,
bead shape, and thermal history [110,124,125]. The pool requires a minimum offset L to
avoid operational problems, and L functions as a critical parameter as it determines both the
reduction in arc influence and the precision of temperature measurement. The arc heating
effect on reading values increases with shorter L values, but longer L values result in less
accurate readings. The schematic and experimental setup of the ratio pyrometer, mounted
above the deposition area, is shown in Figure 17a—c [126]. A ratio pyrometer determines
the molten pool temperature by taking the radiation intensities at different reference
wavelengths [126]. To minimize the impact of the arc glare, two narrowband optical filters
are mounted and tuned to the desired wavelength range. This setup enables non-contact
temperature measurement of the molten pool. In Figure 17d,e, two synchronized infrared
images of the weld pool are captured through narrowband optical filters and then converted
into a temperature map [126]. From this map, the melt pool shape and size can be identified
based on regions exceeding the melting temperature [126].

The second IT strategy, which is not common in WAAM, utilizes a sideward pyrometer
to monitor a point on the wall located below the melt pool [52]. Since the dominant heat flow
is along the build (Z) direction, arc heating influences this lateral measurement regardless
of the offset distance (L). The target point will approach a near-equilibrium region with
homogenized heat flow when L becomes very large, which makes the signal less useful
for maintaining layer stability [52]. Both IR cameras and pyrometer methods are used to
measure temperature, with the broader objective of predicting cooling rates and controlling
the microstructure, as discussed below.
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Figure 16. Measuring interlayer temperature (IT) in thin wall WAAM: (a) upper pyrometer,
(b) sideward pyrometer, and (c) experimental system for measuring with both upper and sideward
pyrometers [52].
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Figure 17. (a) Schematic and (b,c) experimental setup of the ratio pyrometer installed on a robotic arc
deposition: (d) shows the heat distribution, and (e) shows the pool region measurement [126].

6.3. Cooling Rate and Solidification Control

Online inspection enables the observation of the cooling rate, which is the principal
determinant of solidification rates and variations in grain size [127]. In WAAM, the cooling
rate is often estimated indirectly using microstructural parameters like secondary dendrite
arm spacing or directly from temperature-time data collected from in-situ thermal measure-
ments [128]. High-speed pyrometers, IR cameras, and thermocouples all can provide direct,
time-resolved measurements of the thermal history during deposition, from which the
cooling rate of deposited beads can be accurately derived [129]. By combining two X-ray
imaging approaches, the secondary arm can be observed by capturing two images with
only a 21-s gap between them, which can be an effective approach for real-time monitoring
of the solidification process [130,131].

Thermal monitoring is critical for WAAM process control as temperature history
directly governs microstructural evolution, residual stress formation, and dimensional
accuracy of fabricated components. Infrared thermography (Section 6.1) provides spatial
temperature field mapping, enabling inter-layer dwell time optimization and distortion
prediction, while pyrometers (Section 6.2) offer high-speed point measurements suitable for
real-time control of heat input, together forming the foundation for thermal management
strategies that balance productivity with metallurgical quality requirements. Multilayer
deposition in WAAM is characterized by transient temperature variation caused by the
reheating and cooling cycles. These thermal anomalies can be reduced by using a multi-axis
robot or a CNC system that utilizes force and vibration sensors, enabling adaptive control
to minimize thermally induced geometric deviations, as described below.

https:/ /doi.org/10.3390/machines14010019


https://doi.org/10.3390/machines14010019

Machines 2026, 14, 19

22 of 49

7. Force and Vibration Monitoring

In WAAM, force and torque sensors play a critical role in regulating normal contact
forces between the torch and substrate, compensating for surface irregularities and geo-
metric variations, and ensuring robust probe connection and consistent standoff distance
throughout the deposition process [62]. These sensors provide feedback for adaptive con-
trol strategies that maintain optimal process conditions despite workpiece imperfections.
Additionally, accelerometers mounted on the robotic manipulator or welding torch can de-
tect mechanical vibrations and oscillations that may indicate instability during arc ignition,
metal transfer, or droplet detachment [54]. To maintain the arc stability and bead shape
during on-site WAAM, it is essential to detect and compensate for vibrations caused by
external disturbances [54]. Both methods are reviewed as in-situ monitoring techniques in
WAAM in the subsequent sections.

7.1. Force Sensors on Deposition Head

The deposition head integration of force sensing technology enables the direct mea-
surement of mechanical interactions between the torch and the growing wall, which directly
affects bead height errors and lack-of-fusion problems [62]. Force measurements are more
effective than visual or thermal inspection methods when optical viewing becomes impos-
sible due to arc light and fume interference [59]. The force feedback system in thin-wall
WAAM detects minor changes in stiffness and heat input before any surface defects become
visible [62]. The local contact stiffness changes due to variations in bead morphology and
reinforcement height, which produce force signatures that serve as early indicators of
geometric divergence during multi-layer buildup. As shown in Figure 18, a force-torque
sensor integrated into the KUKA industrial robot detects deviations between the as-built
surface and the designed geometry, and the controller compensates for these deviations
in real-time [62]. Force sensing contributes to maintaining process stability by monitoring
contact interactions; however, dynamic disturbances such as vibration require additional
control strategies, which are introduced in the next section.

Yo

i ) : Kuka KR90
- ’ . NDT Robot
Roller-Probe - 3 ;

Figure 18. An FT sensor (FTN-GAMMA-IP65 SI-130-10, Schunk, Germany) is mounted on the
end effector of the KUKA KR90 (KUKA Robotics Corporation, Augsburg, Germany). The Large-
Channel Time-Domain Phased Array (LTPA) array controller functions as an ultrasonic phased-array
acquisition system, controlling the transducer while acquiring ultrasonic signals to detect internal
defects that occur during or after the deposition process [62].
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7.2. Vibration Analysis for Stability Monitoring

As shown in Figure 19, a real example of vibration can be observed during 3D printing
on a ship, which is impacted by the swing motion of the environment [132]. To track the
effects of vibration on part quality during the WAAM process, a real-time monitoring
system consists of a high-speed camera with a frame rate of 1500 frames per second and
a vibration measurement setup. The entire system, featuring a MIG welding machine
integrated with a DOBOT SR4-2, which is positioned on a vibration platform, simulates
ship-induced vibration, as illustrated in Figure 20 [54]. To investigate the effect of external
vibration on arc stability in the on-site WAAM process, discrete vibration frequencies at 2,
5,10, 15, 20, and 25 Hz were applied, each lasting 0.2 s [54].
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Figure 19. Schematic of an onboard WAAM system for naval applications [132].

The arc instability during the WAAM process is caused by the unstable ship environ-
ment, which affects on topography of deposited beads [54]. The effect of vibration on the
arc torch and the base plate can be measured through the acceleration curves shown in
Figure 21. Due to the different structure and materials of those two parts, the vibration
behavior is different for each of them [132]. Moreover, the permanent change in distance
between the weld torch and the substrate affects the topography of the deposited bead and
the arc shape during the process [132]. In Figure 22, a longer distance of the arc torch to
the substrate caused by vibration in the Z direction, changing the arc shape from the bell
jar in the steady state to the horn shape, which causes a tendency for excessive spatter or,
in extreme cases, arc extinction [54]. However, if the distance is reduced, the arc becomes
fan-shaped, resulting in inadequate arc burning and a narrowed weld path, which increases
the likelihood of short-circuit contact [54]. Moving the arc in the X-direction creates an
ellipse shape, while vibrating in the Y-direction creates an irregular shape [54]. The surface
quality of samples produced under vibration conditions stayed poor, but the cross-sections
showed full density without any signs of porosity or lack of fusion [54]. The results indicate
that WAAM can withstand significant vibrations, making it suitable for shipboard appli-
cations [54]. Sections 3-7 discuss various sensors used for in-situ monitoring in WAAM.
However, due to the diverse requirements of process monitoring, a single sensor is often
insufficient. Simultaneous measurement of multiple variables through multi-sensor fusion
is commonly employed, which is reviewed in the next section.
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Figure 20. Experimental setup in the WAAM system, which consists of an acceleration sensor, a
high-speed camera with a frame rate of 1500 f/s, a welding robot (DOBOT SR4-2), and a metal inert
gas (MIG) welding machine [54].
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Figure 21. Acceleration curve based on time and frequency in (a) the welding gun and the
(b) supporting (base) plate, which shows different behavior, subjected to externally applied ver-
tical vibration [132].
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Ellipse shape

Figure 22. Different shapes of arc in steady and vibration conditions, showing the bell shape under
steady conditions, and changing to trumpet, fan, broom, ellipse, and irregular shapes [54].

8. Multi-Sensor Fusion Approaches

The coordination of multiple sensors in advanced manufacturing systems enhances
the capability to monitor process variables more effectively, resulting in decreased errors
and improved precision of final products [133]. These individual measurements are then
integrated into a unified representation of data through a signal processing algorithm [133],
producing a comprehensive understanding of the fusion level [134,135]. The benefits of
using data fusion over the measurement of a single criterion include increasing accuracy
and reducing process-induced defects by evaluating multiple sources of information, as
shown in Figure 23 [55]. Implementing multiple sensors in a real-time monitoring system
improves process stability and overall reliability, as shown in Figure 24 [67,135]. To enhance
the capability of precise measurement of the bead width in plasma arc welding, which is
reduced by the deformation of the pool surface, an image processing technique is required
to accurately reconstruct the molten pool [136]. One technique is to use a support vector
machine (SVM) to predict the bead width with fewer experimental samples through kernel-
based nonlinear mapping. Based on the analysis of information fusion data, three different
levels of data fusion can be performed. Data layer fusion is based on using the weighted
average method and other techniques, which provide detailed fusion data that require
time-consuming computations and decrease performance [136]. With feature layer fusion,
the amount of processed information is reduced, and in-situ monitoring performance
is enhanced through using methods like the Kalman filter and neural network. Finally,
the decision layer fusion offers greater flexibility and acceptable fault resistance, which
increases computational costs [136]. The methods used in this data fusion level are the
Dempster-Shafer (DS) evidence interface method and the Bayesian probabilistic interface
method [136].

The three fusion levels operate at distinct levels, offering specific benefits and draw-
backs for particular applications [67]. Raw sensor data must be processed first to extract
features before different fusion methods can be applied for decision-making. The fun-
damental information needs to match regardless of the chosen method. The method of
data-level fusion preserves the most original information, which yields detailed results,
while decision-level fusion operates on processed conclusions rather than raw signals [137].
The selection of an appropriate fusion level requires careful consideration of multiple fac-
tors, including the system’s objective, operational conditions, available computing power,
sensor data characteristics, and system limitations [138]. Therefore, a closed-loop setup for
multi-sensor real-time monitoring consists of a combination of sensors that act as a unified
system to reduce defects during the deposition process in WAAM [67].
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Figure 23. Using a waveform monitoring system with a high-speed camera in a collaborative robot
(COBOT)-integrated WAAM system as a multi-sensor approach. This figure is owned by the authors.
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Figure 24. WAAM set up with various sensors for in-situ monitoring [67].

9. Applications of In-Situ Monitoring in WAAM

WAAM faces significant challenges related to thermal management and process sta-
bility that directly impact part quality and structural integrity. The primary source of
deformation and elevated residual stresses in WAAM components stems from excessive
heat accumulation caused by the process’s relatively low energy density and continuous
heat input during multi-layer deposition [139]. Compounding these thermal issues, the in-
herently non-linear and transient nature of the arc deposition process means that numerous
interdependent factors, including shielding gas flow, wire feed dynamics, travel speed varia-
tions, and thermal boundary conditions, can destabilize the arc and adversely affect droplet
transfer behavior, ultimately leading to defect formation and compromised deposition qual-
ity [140]. To effectively mitigate these detrimental effects and ensure consistent dimensional
accuracy, mechanical properties, and surface finish in fabricated components, the imple-
mentation of robust online inspection and monitoring systems has become essential for
meeting the stringent quality standards demanded in industrial WAAM applications [102].
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The following sections explore specific applications (Table 2) where in-situ monitoring
techniques have been deployed to address these challenges.

Table 2. Applications of monitoring in WAAM and corresponding sensors used along with their
advantage and limitations.

Applications of In-Situ Sensors Used

Monitoring in WAAM

Explanation

Advantages and Limitations Ref.

e  Real-time identification of
porosity, lack of fusion, and
geometric defects

Advantages: Early defect
detection, reduced scrap rates,

Defect detection and High speed camera, . Multi-sensor fusion comprehensive coverage
revention acoustic sensor, IR captures complementary Limitations: Complex data [70,73,141]
p camera defect signatures processing, sensor integration
. Enables immediate challenges, computational
corrective action during demands
deposition
° Tracks arc behavior, melt
pool dynamics, and droplet ~ Advantages: Continuous quality
transfer consistency assurance, quantifiable stability
.‘ CCD/CMOS sensors, e  Detects process deviations ~ metrics
Process stability : 4 . e R . e [54,55,75,
monitoring high speed camera, IR and instabilities in Limitations: Sensitivity to 113,126,141]
camera real-time ambient conditions, arc
e  Provides feedback for brightness interference,
maintaining optimal calibration requirements
deposition conditions
. Monitors thermal history
and cooling rates a_lffecting Advantages: Enhanced material
phase transformations properties, predictable
e  Controls inter-layer microstructure, reduced
. IR Thermal imaging temperature to achieve heat-affected zones
Microstructure control and CCD camera desired microstructural Limitations: Limited [142,143]
properties penetration depth measurement,
e  Correlates thermal profiles ~ surface-only observation,
with grain size and complex thermal data calibration
mechanical properties
. Measures real-time
geometric deviations and Advantages: Dimensional
surface displacements accuracy improvement,
In-situ monitoring to Laser displacement ° Tracks accumulated proactive distortion mitigation
reduce residual stress sensors, digital image distortion during build Limitations: Requires clear [144,145]
and distortion correlation (DIC) progression line-of-sight, sensitive to

o  Enables adaptive toolpath
planning to compensate for
warping

vibrations, data post-processing
needed

Closed-loop control and
adaptive process
parameter adjustment

Voltage and current .
sensors, IR imaging
sensor, optical sensors

e  Continuously adjusts
parameters based on
real-time sensor feedback
Maintains consistent heat
input and bead geometry
across layers
e  Compensates for substrate
variations and heat
accumulation effects

Advantages: Autonomous

quality control, process

repeatability, reduced operator

dependence [146]
Limitations: Control algorithm

complexity, sensor lag time,

system integration costs

9.1. Defect Detection and Prevention

Since WAAM commonly operates in an open-loop configuration, various process
disturbances can destabilize the arc during deposition [73]. As shown in Figure 25, arc
instabilities can cause defects like spatter, lack of fusion, and porosity. Porosity reduces
the mechanical properties of the fabricated part by increasing stress concentration areas,
which leads to a decrease in the potential benefits of using WAAM [73]. By using acoustic
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sensors, the initiation of arc instability in the next layer can be prevented by optimizing
the process parameters. The first step in acquiring accurate information is to use a wavelet
transform, which filters out unwanted acoustic signals. The benefits of using wavelets over
the Fourier related to non-stationary signals with sudden changes, like arc stability, and
coping with sharp spikes that are common in WAAM. After wavelet denoising, the acoustic
signal is converted into a graph representation and reduced to a single metric, the Fiedler
number, which is used to detect flaw formation. This approach avoids computing multiple
features and provides a computationally efficient monitoring method [73]. Arc instabilities
are detected by tracking the Fiedler number on an exponentially weighted moving average
(EWMA) control chart, providing a simple alternative to machine-learning-based flaw
monitoring that is easy to implement in practice. Defect detection is performed through
high-speed monitoring. The same high-speed imaging is also used for monitoring arc and
process stability, as explained in the following section.

Generated Flaws

> Spatter
Induced Flaws 3
e e r e e — e ————
Arc : .
Contamination » Instabilities » Line Width .
> Porosity >

Electric Arc

Meltpool

A e ' Pl "":
Shielding FB -- -- . m - =)
Gas

Next Layer Deposition
Chalk, " .
Qil, or

Sand

Figure 25. Flaws formed in one layer can influence the subsequent layer by inducing arc instabilities,
which in turn promote the formation of additional defects [73].

9.2. Process Stability Monitoring

Although WAAM provides high deposition rates, the associated high heat input
can lead to defect formation, often influenced by arc instability and unstable thermal
conditions during the process [147,148]. Humping is one of the main defects caused by
a lack of stability during the process. For identifying the onset of humping and porosity
caused by humping in WAAM, high-speed pool imaging, integrated with machine learning,
monitors the process in real-time [149]. Process optimization can identify suitable operating
conditions for WAAM; however, the inherent stochasticity of WAAM can still amplify
melt-pool instability [73]. Such instabilities can arise from a lack of shielding gas due
to increased contact tip-to-work distance, surface contamination, or nozzle blockage by
spatter [150]. Most WA AM monitoring methods rely on black box classifier defects, ignoring
pool physics [151-153]. However, process dynamics-derived morphology features enable
the detection of humping and humping-induced porosity [141]. As shown in Figure 26, the
molten pool behavior in multi-layer thin-walled WAAM is monitored in real-time using a
high-speed camera (Figure 26a). The captured image was then processed to determine the
region of interest and extract the pool contour (Figure 26b,c). Four descriptive morphology
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Nominal Humping

features were computed to serve as a process signature. In Figure 26d, the extracted
melt-pool signatures serve as features for interpretable ML classifiers (e.g., shallow neural
networks), which were trained in a supervised manner to categorize the deposition process
into three states: nominal, humping, and humping-induced porosity [141]. This approach
may not be suitable for conditions that require changes to melt-pool geometry, such as
overhang structures or deposition against gravity. Process-stability monitoring provides
critical information that enables the assessment of molten-pool behavior, as these factors
directly affect the final microstructure and mechanical properties of the deposited materials.

Physically
relevant
features

(d) Part classification (Machine Learning)
Humping-induced p9rosity

R

Figure 26. (a) A high-speed imaging of the melt-pool; (b) binarization/thresholding isolates the
melt-pool contour; (c) morphology features (process signatures) are extracted from the contour;
(d) these signatures classify the state as nominal, humping, or humping-induced porosity [141].

9.3. Microstructure and Mechanical Property Correlation

Achieving better mechanical properties during WAAM requires considering the mi-
crostructure of the fabricated part [154]. Improving the microstructure requires understand-
ing the factors that impact deposition quality during production [155]. Tracking anomalies
through online inspection of the molten pool provides indirect indicators of solidification
conditions, enabling the prediction of the columnar-equiaxed tendency and grain size
scale, both of which influence mechanical properties [156]. WAAM is a reliable method
for producing aluminum alloy AA2024 [157]. The specific portion of Mg in this series
makes the fabricated part through WAAM extremely brittle [142]. Therefore, improving the
microstructure of the Al-alloy is required to decrease stress accumulation and thus prevent
crack propagation in the material [155]. As shown in Figure 27 [142], the arc length and
deposition are controlled and monitored during the process for defect detection using two
CCD cameras. Moreover, using the STM32 microcontroller in the experimental system,
with an ABB industrial robot and a GTAW machine, facilitates the real-time measurement
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of waveform signals and wire feed rate. Based on Figure 28a in the solidification process
in WAAM, columnar, dendritic crystals, and equiaxed are the main crystal morphologies
that are formed in the fabricated part [142]. The red arrow shows the amount of dendritic
crystal, which is larger than the other two, and the arm length is around 57.59 um [142].
The yellow arrow indicates the columnar crystal, and the blue one indicates the cellular
crystal. Coexistence of columnar, cellular, and dendritic zones reflects spatial changes
in G/R (thermal gradient/solidification rate) and cooling rate during solidification (CET
transition). Three different locations of the specimen, top, middle, and bottom, are shown
in Figure 28b-d. In Figure 28b, speeding up the crystallization results in finer crystals,
which is caused by the faster cooling rate due to the location of the top part [142]. As shown
in Figure 28¢, the cellular crystal shaped in the center of the part leads to increased material
hardness. Finally, columnar structures in Figure 28d shows a high thermal gradient (G)
aligned with the build direction, which reduces fatigue resistance.

Tungsten electrode

o wire feeder

Positioner: Additive
Manufacturing Platform

Figure 27. Experimental setup of the WAAM system using two CCD (Charge-Coupled Device) as an
in-situ monitoring technique [142].

Adding each new layer during the WAAM process reheats the previously deposited
material. The upper part of the wall becomes hot enough to alter the internal microstructure,
causing some martensite to revert to austenite. The infrared images in Figure 29A show
how the surface temperature varies across the wall [143], while Figure 29B illustrates
temperature fluctuations over time during the first stage of deposition. The data indicates
that section 1 cools through the austenite-to-martensite transformation range (FCC — BCC),
remaining largely martensitic, as also confirmed in the IR temperature map (Figure 29E).
During deposition of section 2 (Figure 29C,F), cyclic reheating raises the peak temperature
above the austenite start temperature (As), producing localized reversion of martensite
to austenite, which then transforms back to martensite on cooling. In section 3, as shown
in Figure 29D,G, the newly deposited top region again cools through the austenite-to-
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martensite range, while the middle portion of the wall experiences reheating above As [143].
The process of layer-by-layer deposition involves multiple heating and cooling cycles,
resulting in intricate temperature and phase change patterns within the build. Apart
from microstructure and track geometry, part quality also depends on residual stress and
distortion, which in-situ monitoring often helps predict and control these factors.

X

Figure 28. Super-depth-of-field images of the WAAM specimen illustrating (a) overall crystal mor-
phology and detailed features from the (b) top, (c) middle, and (d) bottom regions [142].
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Figure 29. The thermal behavior and phase changes that occur during the multilayer WAAM fabrica-
tion process. Infrared (IR) thermography and operando neutron diffraction reveal the temperature
evolution within different building sections. (A) Surface temperature map showing higher tem-
peratures in the upper region of the wall, where reheating above the austenite start temperature
(As) drives partial reversion of martensite (BCC) to austenite (FCC). (B-D) The IR and neutron data
show temperature—time profiles at specific locations in sections 1-3, which demonstrate the periodic
heating and cooling patterns that occurred during and after the deposition process. (E-G) The IR
temperature maps display the step-by-step heating of the deposited layers and the development of
thermal and phase transformation gradients that form throughout the build height [143].
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9.4. In-Situ Monitoring to Reduce Residual Stress and Distortion

Residual stress and distortion are critical issues in WAAM, often leading to geometric
inaccuracy, cracking, delamination between layers, and reduced mechanical performance
of the final component [66,158,159]. These stresses arise from severe thermal gradients in-
herent to the localized heating process, repeated thermal cycles as new layers are deposited
on previously solidified material, and non-uniform solidification during deposition caused
by heat accumulation and variable cooling rates [160,161]. The magnitude of these stresses
can exceed the material’s yield strength, resulting in plastic deformation and dimensional
deviation from the intended geometry. Real-time measurement and control are therefore
essential to ensure dimensional accuracy, minimize part distortion, and reduce the need for
extensive post-processing operations.

Digital Image Correlation (DIC) is a non-contact optical technique for in-situ mea-
surement of strain and deformation fields [162,163]. By tracking the displacement of a
stochastic pattern applied on the surface, DIC can capture real-time strain evolution with
high spatial resolution. When synchronized with process parameters such as temperature
or deposition rate, DIC enables quantitative mapping of transient deformation and strain
accumulation between layers in WAAM. This information can be used to adjust interlayer
dwell time, toolpath strategy, or heat input to minimize residual stresses and distortion. A
recent study [145] demonstrated the capability of DIC to evaluate full-field residual stresses
in WAAM-deposited steel walls by monitoring bending deformation (Figure 30). The
DIC-measured strain fields were used to calculate residual stresses, which showed strong
agreement with established techniques such as X-ray diffraction. These results highlight the
potential of DIC not only for deformation tracking but also for quantitative stress analysis
in WAAM builds. Laser displacement sensors provide another effective means for in-situ
distortion monitoring by continuously measuring surface height variations or warping
during the build [164].

(Bt 1 R ]

! v (w) Vo (W)
n

Figure 30. Digital Image Correlation (DIC) to evaluate full-field residual stresses in WAAM-deposited
steel walls by monitoring bending deformation [145]. Regions of interest to extract results for
comparing the (a) 24 mm wall and (b) 48 mm wall. V and H represent vertical and horizontal
directions, respectively. Wall and substrate are indicated by W and S, respectively.
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These sensors operate with high precision and can be easily integrated into robotic
WAAM systems. Real-time displacement data allow for the detection of local distortion
zones and provide feedback for the adaptive control of deposition parameters, such as
current, travel speed, or wire feed rate. For example, Figure 31 shows the use of laser dis-
placement sensors for in-situ monitoring of distortion during WAAM [144]. The schematic
on the left illustrates the arrangement of laser displacement sensors placed beneath the
substrate/support plate to measure vertical deformation in real time during deposition.
The substrate is supported on a compliant rubber plate and fixed by a rigid support plate to
simulate realistic boundary conditions while allowing measurable deflection. Laser speck-
les are positioned on the top surface for simultaneous surface tracking. The photograph on
the right shows the actual experimental setup integrated with the WAAM torch, where the
laser sensors continuously capture displacement data corresponding to layer-wise thermal
distortion. This configuration enables high-precision, non-contact measurement of deforma-
tion behavior during metal deposition. While optical and laser-based approaches provide
valuable surface-level insights, in-situ X-ray or synchrotron-based measurements [165,166]
are needed to directly probe internal residual stresses during deposition. Such high-energy,
real-time diagnostics can enable fundamental understanding and model validation for
stress development mechanisms in WAAM.

Laser speckle
20 mm

Laser displacement sensor

Figure 31. Experimental setup for in-situ distortion monitoring using laser displacement sensors
during WAAM. Multiple sensors positioned beneath the substrate (support plate) measure real-
time vertical deformation, while the compliant rubber plate allows measurable deflection. The setup
enables precise, non-contact tracking of distortion evolution during deposition [144]. Sections 9.1- 9.4
discuss in-situ monitoring of important features of WAAM, which include process and product quality
control. Often, this control is performed during the process, which is known as closed-loop control,
as discussed.

9.5. Closed-Loop Control and Adaptive Process Parameter Adjustment

Closed-loop control refers to an automated control strategy in which process parame-
ters are continuously adjusted based on real-time feedback from sensors to maintain desired
output conditions. In this approach, measured signals are compared to target values, and
corrective actions are applied to minimize deviations. Two primary types of control are
feedback and feedforward. Feedback control works by continuously measuring the output
of a system and adjusting the inputs based on the difference between the actual and desired
output, much like a thermostat adjusting the heating based on the room temperature.
Feed-forward control, on the other hand, anticipates and responds to known disturbances
before they affect the system’s output, similar to how a car’s cruise control adjusts engine
power when approaching a hill. Figure 32 schematically explains these two control models.
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In WAAM, closed-loop feedback control plays a crucial role in achieving consistent
bead geometry, stable arc behavior, and defect-free deposits. For instance, real-time thermal
imaging data can be used to regulate the wire feed rate or welding current, thereby main-
taining a constant melt pool temperature and controlling bead width and height. Similarly,
optical sensors that track droplet transfer or arc length can feed back to the power supply
controller to stabilize the metal transfer mode. In robotic WAAM systems, camera-based
monitoring of layer height can inform motion control algorithms to automatically correct
toolpath deviations caused by thermal distortion. Monitoring voltage and current signals
allows dynamic adjustment of process parameters to prevent humping or internal defects.
For example, a recent study [146] demonstrated the effectiveness of a closed-loop feedback
approach for minimizing internal defects during short-circuit GMAW-based WAAM. In this
work, the height of each deposited layer was dynamically controlled by calculating from
real-time voltage and current measurements (Figure 33a) obtained during the short-circuit
phase. This allowed for the automatic adjustment of height after each layer, eliminating the
need for predefined height steps or empirical calibration experiments typically required
in open-loop control. The closed-loop system successfully prevented the gradual accu-
mulation of layer height errors, ensuring consistent bead geometry across multiple layers.
Experimental comparisons revealed that the closed-loop method maintained stable inter-
layer spacing without generating internal defects (Figure 33b,c). Such adaptive feedback
loops enable the system to respond instantly to variations in heat input, wire positioning, or
environmental disturbances, resulting in improved dimensional accuracy, reduced defects,
and reproducible microstructure.
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Figure 32. Schematic explanations of feedback and feed forward control models. This figure is owned

by the authors.
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r— (b) Open loop (c) Closed loop

10 mm

Figure 33. (a) Experimental setup of the closed-loop WAAM system with real-time control based on
short-circuit current and voltage measurement, and corresponding microstructures of the deposited
parts fabricated using (b) open-loop control showing internal defects and irregular bead geometry,
and (c) closed-loop control exhibiting defect-free and uniform microstructure [146].

10. Current Challenges, Research Gaps, and Needs

Despite significant advancements in in-situ monitoring for WAAM, several critical
research gaps remain that limit reliable, real-time control and industrial deployment. These
gaps primarily originate from several scientific, technical, and standardization challenges.
The following subsections discuss six major areas where further research and innovation
are needed to strengthen the potential of in-situ monitoring in WAAM.

10.1. Standardization of Monitoring Methodologies and Protocols

Although a wide variety of sensing technologies have been applied in WAAM, the lack
of standardized methodologies and data interpretation frameworks creates a major barrier
to reproducibility and industrial adoption. Most studies are conducted under various
system configurations, sensor setups, and process parameters, resulting in inconsistencies
in measured data and performance metrics. Consequently, it becomes difficult to bench-
mark different monitoring approaches or compare their reliability across materials and
deposition systems [167,168]. Establishing standardized protocols for monitoring device
calibration, data acquisition frequency, sensor placement, and signal filtering is therefore
crucial. Furthermore, there is a need for well-accepted metrics to evaluate monitoring
performance in terms of sensitivity, temporal resolution, accuracy, and robustness. Stan-
dard test artifacts and controlled benchmark builds could also play an important role in
validating sensor effectiveness and correlating measured signals with specific defect types
or process deviations [169]. International standardization bodies such as ASTM and ISO are
beginning to address AM monitoring frameworks [170,171], but WA AM-specific standards
are still absent. Future research should focus on defining best practices for data label-
ing, documentation, and quantification of uncertainty. The establishment of open-access
WAAM monitoring datasets would further accelerate comparative studies and facilitate
community-driven validation.
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10.2. Development of Robust, Cost-Effective, and Scalable Monitoring Systems

The harsh and dynamic WAAM environment, characterized by high thermal radiation,
spatter, electromagnetic interference, and variable geometries, demands robust sensor sys-
tems capable of operating under extreme conditions [83]. Many laboratory-scale monitoring
systems use high-end optical sensors or specialized instrumentation that are expensive,
delicate, and not easily adaptable to industrial settings. There is thus a critical need to
design durable, compact, and cost-effective sensors that can be easily integrated into robotic
or multi-axis WAAM platforms without disrupting the process. Research should emphasize
developing sensors with protective optics, active cooling, and real-time self-calibration
features to ensure long-term stability [83]. Scalability also remains a concern, as moni-
toring large components or multi-material builds requires distributed sensing networks
and synchronization among multiple sensors. Wireless or fiber-based sensor arrays [172]
may provide a practical solution for large-scale WAAM operations. Moreover, developing
modular, plug-and-play sensor architectures could significantly reduce setup time and
complexity. From an economic standpoint, there is also a need to balance sensing accuracy
with affordability to promote widespread adoption by small and medium manufactur-
ers. Finally, integrating sensor health monitoring [173] and automated diagnostics will be
essential for ensuring reliability during long-duration deposition.

10.3. Advanced Data Analytics and AI/ML Applications

The enormous volume and complexity of data generated during WAAM monitoring,
encompassing optical, thermal, acoustic, and electrical signals, necessitate advanced data
analytics and machine learning (ML) techniques for real-time interpretation. Current re-
search primarily focuses on offline data correlation or supervised models trained on limited
datasets. However, robust and generalizable Al frameworks are still lacking. Developing
physics-informed ML models that combine data-driven learning with underlying process
physics can enhance defect prediction accuracy and interpretability. Unsupervised ML
techniques hold potential for adaptive process control, enabling real-time correction of
process parameters such as current, voltage, and wire feed rate. For example, Figure 34
provides an example of the use of unsupervised ML for in-situ anomaly detection [174]. Arc
current and voltage were monitored and analyzed using ML techniques for the detection of
anomalies. While AI/ML techniques have demonstrated significant potential in laboratory
settings for analyzing multi-modal in-situ monitoring data in WAAM, their industrial adop-
tion remains limited due to challenges in model generalizability across different materials,
equipment configurations, and operating conditions. Current industrial implementations
primarily focus on simpler machine learning approaches for specific tasks such as bead
geometry prediction and arc stability classification, while more sophisticated deep learning
models require substantial training data, computational resources, and validation protocols
that many manufacturing facilities are still developing to meet production reliability and
traceability requirements.

Recently, an ML-based vision large model [175] was used to analyze in-situ images
during WAAM. Several algorithms analyzed the monitored images of metal deposition
(Figure 35). Another challenge lies in the fusion of multimodal data from disparate sen-
sors, which requires synchronized data acquisition, dimensionality reduction, and feature
extraction strategies. Explainable Al (XAI) methods [176] should also be explored in fu-
ture WAAM monitoring systems to provide transparent, interpretable decision-making
that enables operators to understand defect detection rationale and process adjustments,
thereby building trust and facilitating regulatory acceptance in safety-critical industries.
Additionally, establishing large annotated datasets, possibly through federated learning
across institutions, can help overcome data scarcity and improve model robustness.

https://doi.org/10.3390 /machines14010019


https://doi.org/10.3390/machines14010019

Machines 2026, 14, 19

37 of 49

Arc current [A]
100 200 300 400 500

Arc voltage [V]

-80 -40

- =

5000 samples
——>

40 60

0

= Signal
—— Window lenght

2 H 6 8
Time (s]

— Signal
—— Window lenght

.l

Anomaly detection
App (1Hz)

Time [s]

Figure 34. Anomaly detection during WAAM by analyzing the real time monitored arc current and
voltage using unsupervised machine learning [174].

Figure 35. Applications of vision large models to analyze in-situ monitoring results in WAAM.
(a) Image frame from a WAAM monitoring video, applying the (b) Sobel algorithm, (c) Canny
algorithm, (d) Otsu thresh algorithm, (e) Adaptive thresh algorithm, and (f) Meta SAM (Segment
Anything Model) to the frame [175].

10.4. Multi-Physics Modeling Coupled with Real-Time Monitoring

Current monitoring efforts often operate independently from process simulations,
limiting their predictive power and interpretability. Integrating multi-physics model-
ing [177], encompassing heat transfer, fluid flow, electromagnetics, and solidification, with
real-time monitoring can significantly enhance understanding of process dynamics and
enable model-informed decision-making. Such integration allows the use of simulation
outputs to predict trends in melt pool behavior, thermal gradients, and defect formation,
which can then be validated or corrected through sensor feedback. For example, recently, a
mechanistic model of WAAM was used to predict molten pool dimensions, which were
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compared against high-speed imaging results [178]. Figure 36 shows both the computed
and real-time monitored molten pool at two different scanning speeds. During WAAM,
high-speed imaging is also often used to monitor the molten metal droplet transfer from the
electrode wire to the substrate. Numerical models have been developed to simulate droplet
transfer at various conditions [179]. Those models computed arc temperature and shielding
gas flow fields, both of which directly influence droplet transfer [179]. Despite these recent
progresses, coupling high-fidelity finite volume or finite element models with real-time
monitoring remains computationally demanding. To bridge this gap, reduced-order models
and surrogate modeling can provide efficient approximations that operate fast enough for
on-the-fly corrections. Another emerging need is to establish two-way communication be-
tween simulations and monitoring systems, allowing models to adapt based on live sensor
data while also predicting future process states. Moreover, uncertainty quantification and

model calibration using real-time feedback can improve predictive accuracy.
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Figure 36. Experimental and computational molten pool dimensions at different scanning speeds.
High-speed imaging of molten pool during wire arc deposition of ER308 stainless steel at scanning
speeds of (a) 5 mm/s and (c) 10 mm/s. Computed temperature and pool geometry for the experi-
mental cases in (a—c) at scanning speeds of (b) 5 mm/s and (d) 10 mm/s. This figure is owned by
the authors.

10.5. Need for Quantum Sensing

Traditional sensors in WAAM often face limitations in resolution, response time,
and stability under high electromagnetic noise and temperature fluctuations. Quantum
sensing [180], based on quantum properties such as spin states or entanglement, offers
a new pathway toward ultra-sensitive, noise-resilient, and high-bandwidth monitoring.
Quantum magnetometers [181], for instance, can detect subtle magnetic field variations
induced by current fluctuations. Table 3 provides selected examples of such quantum
magnetometers and their capabilities. These magnetic field sensors have the potential
to capture small variations in the magnetic field induced by the arc current in WAAM,
providing new insights into arc stability and molten pool behavior. Similarly, quantum-
based optical [182] and temperature [183] sensors could achieve nanoscale spatial resolution
and sub-microsecond response times, providing a detailed understanding of transient
phenomena such as droplet detachment or spatter formation. However, the translation
of quantum sensing concepts from laboratory physics to industrial WAAM environments
remains in its infancy. Future research should focus on developing robust calibration and
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signal interpretation frameworks suitable for high-temperature, high-vibration conditions.
Integrating quantum sensors with conventional sensors may further enhance data fidelity
through the use of hybrid sensing architectures. Although currently expensive, the ongoing
miniaturization and commercialization of quantum sensing technologies suggest a strong
potential for their adoption in next-generation WAAM monitoring.

Table 3. Selected examples of quantum magnetic field sensors. T: Tesla. Adapted from [184].

Sensitivity and Detection Spatial Working . s
Quantum Sensors Bandwidth Resolution Temperature Magnetic Shielding
SQUID 2-5 fT Hz 1/2
magnetometers in the 1 Hz to 1 kHz 15 nm Below 77 K >100 nT
SERF atomic 7-10 fT Hz~1/2
magnetometers in the 1-100 Hz 7-8 nm 373-423 K <1.5nT
Single 12
NV-diamond 0.?n}t¥1e1{l<ZHz 10 nm Magnetic shielding is needed to
magnetometers Room shield the ambient magnetic field
NV ensembles _12 temperature  pojse, when the target magnetic field
diamond 2-6pT Hz 0.34 nm is much smaller than the ambient
magnetometers in the 20-200 Hz magnetic noise.

10.6. Transition from Lab-Scale Demonstrations to Industrial Implementation

While in-situ monitoring in WAAM has shown remarkable success in laboratory envi-
ronments, industrial deployment remains limited due to challenges in system integration,
reliability, and cost justification. Many current solutions rely on bulky instruments, manual
calibration, and high data storage requirements that are often impractical for production
lines. Bridging this gap demands collaborative efforts among academia, industry, and
equipment manufacturers to develop monitoring systems compatible with commercial
WAAM platforms. Scalability, interoperability, and ease of maintenance should be pri-
oritized in system design. Industrial implementation also requires establishing robust
communication protocols with robotic controllers [185]. Furthermore, the qualification and
certification of monitored builds, especially for aerospace or defense applications, require
traceable data documentation and compliance with manufacturing standards. Research
should focus on long-duration experiments and validation under real conditions to assess
system repeatability. Finally, workforce training and user-friendly visualization tools will
be essential to translate monitoring data into actionable insights.

11. Outlook

In-situ monitoring in WAAM is steadily becoming an essential component of intelli-
gent manufacturing systems, with the potential to fundamentally transform how complex
metal components are fabricated. As the technology matures, three distinct yet intercon-
nected future directions are emerging that will define the trajectory of WAAM development
over the next decade: (1) the advancement toward fully autonomous, self-correcting manu-
facturing systems that leverage real-time sensing and adaptive control to eliminate human
intervention while ensuring consistent quality; (2) the integration of WAAM into Industry
4.0 and 5.0 frameworks through smart manufacturing principles, cloud connectivity, and
human-machine collaboration that enable distributed intelligence and continuous process
improvement; and (3) the establishment of monitoring-enabled certification and qualifi-
cation pathways that provide the traceability, transparency, and regulatory compliance
required for adoption in safety-critical industries such as aerospace, defense, and automo-
tive sectors. The following paragraphs highlight these future directions that are likely to
define the research and development in this field.

The ultimate goal of in-situ monitoring research is to achieve fully autonomous and
self-correcting WAAM systems capable of real-time decision-making without human inter-

https://doi.org/10.3390 /machines14010019


https://doi.org/10.3390/machines14010019

Machines 2026, 14, 19

40 of 49

vention. Achieving this objective requires integration of sensing, modeling, and control
frameworks within a cyber-physical architecture [186]. Data-driven predictive models,
reinforced by physics-based simulations, can anticipate process deviations before defects
occur, while adaptive controllers can dynamically adjust parameters such as wire feed rate,
travel speed, and current. The integration of Al algorithms with embedded control hard-
ware will enable continuous learning and optimization during deposition. Furthermore,
the development of digital twins [47,187,188] that replicate the evolving build in real time
can provide a dynamic feedback loop between the physical and virtual systems, allowing
not only defect detection but also autonomous correction. Such digital twins have been
developed and implemented for other additive manufacturing processes (Figure 37) and
can be developed and used for WAAM [188].

The convergence of in-situ monitoring with Industry 4.0 principles [189-191] will ac-
celerate the digital transformation of WAAM. Smart manufacturing frameworks emphasize
connectivity, interoperability, and real-time data exchange across sensors, machines, and
cloud infrastructures. Within this system, WAAM is equipped with edge computing and
IoT-enabled sensors [192] can perform distributed data analysis, enabling faster decision-
making and remote supervision. Predictive maintenance [193] and quality tracking can
be integrated into factory management systems, improving process reliability. Moreover,
machine learning-driven analytics will support process optimization across multiple builds,
contributing to a continuously improving manufacturing environment. The evolution
toward Industry 5.0 [194] will further emphasize human-machine collaboration, where
operators act as supervisors, aided by intelligent monitoring dashboards that visualize
process health in real-time.
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Figure 37. Various digital twins have been recently implemented for wire-based laser metal deposition
(LMD) additive manufacturing [188]. A similar digital twin can be developed and used for WAAM
in the future.
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For WAAM to achieve widespread industrial adoption, in-situ monitoring must also
support certification and qualification in critical sectors such as aerospace, automotive, and
defense. These industries demand traceable, high-fidelity data to validate part integrity and
ensure compliance with stringent safety and performance standards. Monitoring data can
serve as a digital record for each build, supporting quality assurance, defect traceability, and
life-cycle documentation. Standardizing such data streams through digital manufacturing
certificates or blockchain-secured [195] process logs could enhance transparency and trust
in additive production. Furthermore, collaboration between research institutions, stan-
dards organizations, and regulatory agencies will be essential to develop WAAM-specific
qualification frameworks. In this context, in-situ monitoring will not only ensure process
stability but also become a key enabler of digital certification, supporting fully verified,
data-driven additive manufacturing ecosystems.
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