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ABSTRACT ARTICLE HISTORY

Wire Arc Additive Manufacturing (WAAM) can well offer improved design flexibility and
manufacturing versatility for the integrated molding of large components. However, it is
challenging to achieve high productivity in arc additive metal part applications, as it requires
consistent manufacturing, reliable quality, and predictable performance. The service performance
of arc additively manufactured components is often influenced by microstructure, widely
distributed defects, deep residual stresses, and complex surface roughness. To this regard,
investigating the Process-Structure-Property-Performance (PSPP) relationships via both
experimentation and simulation is a proven strategy for furthering the capabilities of additive
manufacturing. Nowadays, Machine Learning (ML) can also be a powerful tool for modelling these
complex, nonlinear relationships. This paper begins with a brief overview of WAAM process
classification, and a generic description of process control. It then proceeds to a comprehensive
review and discussion of how component microstructure, internal defects, surface roughness, and
residual stress, all impact mechanical and fatigue properties of WAAM components. Additionally,
it includes a detailed exploration of the latest advancements in using ML to predict these effects,
focusing on PSPP modelling. Finally, the paper discusses the current limitations of ML approaches
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in PSPP modelling, and outlines future trends and technological prospects.

1. Introduction

Additive manufacturing(AM), renowned for its ability to
build three-dimensional objects layer by layer through
advanced digital designs, is a revolutionary technology,
very different to traditional manufacturing processes,
such as casting, forging, and machining [1]. Besides, it
is a representative in the new technological evolution,
mainly due to its unique advantages in enhancing
design freedom, reducing production cycles, and
approaching near-net shaping without requiring the
expensive mold any more [2].

Over the past four decades, the community has not only
developed various AM processes, but has also applied
them extensively across major industries, including auto-
motive, aerospace, and biomedical areas, making it one
of the fastest-growing disciplines. Researchers around the
world are paying more attention to such cutting-edge
technology, to achieve short-cycle, high-precision, high-
performance manufacturing [3-6].

With the advancement of AM, a variety of AM pro-
cesses have emerged. At present, the two main cat-
egories of AM processes for metallic components are
Powder Bed Fusion (PBF) and Directed Energy Depo-
sition (DED), as outlined in ISO/ASTM 52900:2015. In
the PBF process, metal powder particles are selectively
fused, either sintered, or melted layer-by- layer by a
heat source. PBF is particularly suited for manufacturing
small parts, ranging from 200 mm to 350 mm in the
maximum dimension [1]. Despite the higher precision
and better surface quality of PBF products compared
to other AM technologies, it remains only economically
feasible for optimised parts in high-value components
[7]. Compared with the PBF process, DED offers a
higher material deposition rate and is primarily used
for producing medium to large parts, with dimensions
ranging from 350 mm to 5000 mm [1]. DED enables
the direct formation of high-performance metal
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components, which typically require minimal machin-
ing. In addition, DED is also employed for the rapid
repair and remaking of locally damaged components
and structures [8].

To meet the manufacturing requirements of large-
scale, complex and integrated components, Wire Arc
Additive Manufacturing (WAAM) has undergone con-
siderable developments. WAAM stands out from DED
technologies due to its efficient deposition rates, rela-
tively low equipment costs, excellent material utilisation,
and eco-friendly characteristics [9-12], hence its descrip-
tion as ‘Green Technology’ [13]. Moreover, WAAM tech-
nology can shorten the manufacturing and subsequent
processing times by 40-60% and 15-20%, respectively,
depending on the component sizes [10]. This is particu-
larly evident in the production of complex components,
such as aircraft landing gear, where it can reduce raw
material use by up to 78%, compared to traditional sub-
tractive manufacturing processes [9]. To date, WAAM
technology has been applied to manufacturing pro-
cesses using various engineering materials, including
titanium [14], aluminium [15], nickel alloys [16], and
steel [17], demonstrating tremendous potential. Yi
et al. [18]. presented an overview of recent advance-
ments in wire innovations that have expanded the
range of materials available for WAAM. Figure 1 provides
a detailed analysis of WAAM, as indexed by the Science
Citation Index, categorising the data by publication year,
research institution, research direction, field, and litera-
ture type [18]. Over the past decades, metal WAAM tech-
nology has been extensively studied by numerous
research institutions worldwide, with a significant
surge in literature post-2016. This period accounts for
about 97.16% of all WAAM publications, highlighting
its rapid emergence as a major field of study.

Although the mechanical performance of WAAM fab-
ricated components compares well with those conven-
tional techniques, the manufacturing process of WAAM
components involves huge challenges. Rapid cooling
and thermal cycling in WAAM processes can affect the
size and shape of material grains, and the process is
prone to defects such as porosity, cracking, and high
residual tensile stresses [19-21]. These issues can
severely detriment the mechanical performance and
fatigue resistance of WAAM treated components, intro-
ducing significant variability in fatigue life and posing
major challenges for material design, manufacturing
processes, properties, and performance. Given that
fatigue failure is one of the most common event and
critical failure modes during the service life of engineer-
ing components, ensuring the long-term service
reliability and safety of WAAM components is of prime
concern. Thus, an integrated assessment method of

Process-Structure-Properties-Performance (PSPP), which
focuses on microstructure, defects, residual stress, and
roughness on service life becomes particularly important.

In the field of WAAM, the development of traditional
physical models and their intricate relationship with
processes, structure, properties and performance, is a
comprehensive multi-level systematic approach [22].
This ranges from micro to macro levels, including
real-time monitoring, performance prediction, failure
analysis, and process optimisation. Real-time monitor-
ing techniques are integrated to optimise process par-
ameters, ensuring stability in the manufacturing
process and high product quality [23]. By thoroughly
analysing the microstructure, defects, residual stresses,
and surface roughness of WAAM parts, the macro-
scopic mechanical properties can be meticulously eval-
uated, and fatigue life and failure modes can be
predicted in terms of the service environment [21].
Metallurgical theory and simulation equations based
PSPP models, not only captures the intricate behaviour
of materials during the manufacturing, but also lays a
robust theoretical foundation for optimising processes,
and enhancing performance. This advancement signifi-
cantly furthers triggers a broader application of WAAM
technology.

However, traditional investigations tend to rely on
methods such as experimental analysis, theoretical mod-
elling, and numerical solutions, to construct PSPP
models. These approaches still have significant limit-
ations and boundaries in exploring the intricate, multi-
factor coupling relationships between process par-
ameters, influencing factors, and mechanical properties
in metal additive manufacturing. This results in difficul-
ties in meeting the requirements for accuracy and
efficiency, in predicting macroscopic mechanical proper-
ties. Furthermore, the WAAM process is highly sensitive
to variations in process parameters, including welding
current, voltage, and wire feed speed, among others
[24]. Metals exhibit pronounced nonlinear behaviour
during rapid melting, solidification, and cooling pro-
cesses, leading to changes in parameters like thermal
conductivity and yield strength [25]. Traditional physical
models may encounter difficulties in handling the non-
linear behaviour, thereby struggling to accurately
describe real material responses.

It still remains challenging to determine a non-linear
relationship among PSPP in a high-dimensional space.
As a data-driven science, Machine Learning (ML) pro-
vides effective ways to handle the intricate relationships
within high dimensions. By using ‘Additive Manufactur-
ing’ and ‘Machine Learning’ as keywords in the Web of
Science database, a total of 1,419 academic papers
were retrieved (as of March 2024). The quantity of
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Figure 1. Analysis of research trends in WAAM, (a) based on the Science Citation Index, utilising Data from Web of Science, Google

Scholar,(b) affiliated institutions [18].

published papers has seen an almost exponential surge
in the past four years, underscoring the increasing inter-
est in ML-based AM technology, across diverse sectors.

ML models surpass traditional physical models in
identifying the complex nonlinear relationships
between process parameters, microstructures, and
mechanical properties [26]. By training on extensive
datasets that include process parameters, microstruc-
tural features, and mechanical property data, these
models can autonomously identify and learn hidden pat-
terns and correlations, thereby constructing highly accu-
rate predictive models [27]. Moreover, through methods
like cross-validation and evaluation using independent
test sets, ML models ensure the accuracy and reliability
of their predictions [28]. Integrating multi-source data
from experiments, simulations, and field tests, these
models comprehensively predict and analyse factors

ranging from process parameters and microstructures
to mechanical properties and service performance [29].
This integrated approach not only deepens our under-
standing of the WAAM process, but also provides a
scientific basis and technical reference for the precise
adjustment of process parameters and the intelligent
improvement of metal WAAM processes.

Figure 2 depicts the principal research process for
establishing PSPP relationships, in the field of ML
within WAAM research. It aims to further the PSPP meth-
odology, assisting in customising ultimate high-perform-
ance metal components, in more universal material
selection, in more comprehensive virtual manufacturing,
and aiding actual production. This is in order to inform
more advanced printing. In short, clarifying the PSPP
relationships is becoming a promising development
strategy for WAAM technology.
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Figure 2. Schematic of establishing PSPP relationships in the
field of ML within WAAM research.

2. Wire arc additive manufacturing process
2.1. Classification of WAAM

Wire arc additive manufacturing solution is a wire-based
DED method, which usually uses an electric arc as a
fusion source, to melt wire feedstock and deposit part
preforms layer-by-layer [30]. Depending on the form of

thermal energy applied, the WAAM process can be
broadly categorised into three types: Gas Metal Arc
Welding (GMAW) based, Gas Tungsten Arc Welding
(GTAW) based, and Plasma Arc Welding (PAW) based
[10]. As shown in Figure 3, each category of WAAM tech-
nology has distinct characteristics. The deposition rate
for GMAW-based WAAM is 2-3 times higher than that
of GTAW or PAW-based methods. Nevertheless, the
GMAW-based WAAM method shows less stability and
generates more welding fumes and spatter, due to the
direct application of current to the raw material. Based
on this classification, the choice of WAAM technology
directly affects the processing conditions and pro-
ductivity of the target component.

2.2. Hybrid WAAM

Despite the numerous advantages of WAAM over tra-
ditional manufacturing methods, there are still some
problems. It is hard, when using the WAAM process, to
produce the desired characteristics and required accu-
racy of the finished part, which hinders its large-scale
application in industry. Hybrid-AM has received signifi-
cant attention recently [33]. Hybrid-AM involves two or
more sequential processes being employed to create
the finished part. The limitations of WAAM can be over-
come by imposing auxiliary fields, including magnetic
fields [34,35], acoustic fields [36], thermal fields [37]
and deformation fields [38]. Besides, there are some
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— ‘/:‘ ® Energy PoMtEs GMAW ¢ Electrode type: High efficient and low cost Automotive
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® Part accuracy: +0.5-1.0 3-4 kg/hour . - e
: High spatterin, Robotics
Substrate : e ¢ Dnelgydeniy. Poor ;:rf'lce rfx hness Structural Steel
(G VA o Roughness: 6.3-12.5 pm High, 0.4-0.87 kJ/mm : e
ot | I Toreh S Enefg‘y souree. GT"\W ® Electrode type: Smooth surface finish Aerospace
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— SUNTI o Roughness 1.6-6.3 pm Low, 0.2-1.49 kJ/mm wire and torch Fishe Seuipre
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Figure 3. Overview of typical metal additive manufacturing processes utilised by WAAM [10,24,31,32].




novel external field-assisted techniques that utilise
plasma fields, electric fields and coupled multiple fields
as auxiliary energy fields [39].

Figure 4(f)-(g) depict acoustic field assisted WAAM.
Adding an auxiliary external set of acoustic fields can
affect the deposition and curing process of the material.
Acoustic waves can help to adjust the alignment and dis-
tribution of the material particles, resulting in a more
homogeneous and compact material, which can help
to minimise holes and defects, thus improving the prop-
erties and quality of the manufactured product [40]. As
shown in Figure 4(e), the use of a magnetic field in
WAAM exerts a significant influence on melt pool con-
vection, due to TEMC and damping effects, resulting in
a reduction in the melt pool velocity, the inhibition of
reflux, and changing of the melt pool temperature gradi-
ent [41]. An auxiliary thermal field does not affect the
melt pool dynamics.

However, it can control the thermal history of the
WAAM part. One of the main motivations for applying

Interlayer rolling assisted WAAM
(a) Section A-A . ‘ Ap
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a thermal field is crack elimination. The underlying
mechanism is that the auxiliary thermal field reduces
the thermal gradient and cooling rate, which results in
a more uniform temperature field and reduces the
thermal stresses on the deposited sample [47].

In contrast to magnetic and thermal fields, both inter-
acting with the material without direct contact, defor-
mation fields, as shown in Figure 4(a)-(d), primarily
affect the manufacturing layer through contact, result-
ing in plastic deformation of the part. This process,
known as dynamic recrystallisation, leads to high
energy storage in the deposited material, which in turn
leads to the formation of more dislocations and prefer-
ential nucleation sites [48].

Hybrid in situ rolled wire-arc additive manufacturing
(HRAM) is a hybrid-AM process, capable of printing
large-scale parts, by combining in situ micro-rolling
with standard WAAM [49]. As illustrated in Figure 5,
Huazhong University of Science and Technology
(HUST) has successfully used HRAM technology to
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Figure 4. Schematics of WAAM with assisted field: (a) Interlayer rolling assisted WAAM [42]; (b) In situ rolling assisted WAAM [43]; (c)
Interlayer Machine Hammer Peening (MHP) assisted WAAM [44]; (d) In situ MHP assisted WAAM [33]. (e) Auxiliary Magnetic Field (MF)
assisted WAAM [45]. (f) Substrate Ultrasonic Vibration (USV)-assisted WAAM [36]; (g) Moving USV-assisted WAAM [46].
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print air spring mounting beams, achieving both high
efficiency and quality [50]. The study demonstrates
that HRAM can be employed to generate near-final
blanks expeditiously and economically, in conjunction
with conventional casting techniques. With regard to
the mechanical properties, as Figure 5(c) demonstrates,
the strength and ductility of alloys produced by HRAM
exceeded the acceptance index values for conventional
materials. This work provides a solution for the inte-
grated molding of large, critical load-bearing
components.

Multi-robot collaborative WAAM manufacturing rep-
resents a prominent hybrid additive manufacturing
process, distinguished not only by added assistance
fields, but also by its integration of robotic systems
with WAAM technology [51]. This approach employs
multiple robotic deposition heads operating simul-
taneously on a single platform [52]. This approach
expands manufacturing capabilities, to include produ-
cing fine details at the sub-meter scale to constructing
large-scale structures of several metres, significantly
improving manufacturing flexibility and freedom [53].
However, achieving successful multi-robot collabor-
ation demands extensive expertise, including both
hardware and software developments to overcome

-~
(c) 500 20
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400 390
348 i e
& 315 R
< 300 F g
- 10 =
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= 200F S
@ w
5 15
100 F
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challenges and to ensure the production of defect-
free parts [18]. Importantly, WAAM suits a diverse
range of applications. By carefully assessing different
factors and understanding the capabilities and limit-
ations of each WAAM process, manufacturers can
make informed decisions, and choose the most appro-
priate method for their specific application and
product requirements.

2.3. WAAM process and control

In WAAM, integrating manufacturing is key for enhan-
cing process control and efficiency. This integration typi-
cally includes the real-time monitoring systems, which
are fitted with various sensors. They continuously track
and evaluate the manufacturing process and material
properties, as shown in Figure 6, detecting any devi-
ations or potential defects early in the process, facilitat-
ing immediate corrective actions.

Advanced control algorithms that utilise sensor data
to adjust process parameters such as arc power, travel
speed, and wire feed rate in real-time, are crucial for
intelligent WAAM. Dynamic adjustments of parameters
are crucial for maintaining optimal conditions through-
out the material deposition process, which ensures the

) i

e Scale: 1:1 .
* Process: HRAM
e Material: ZL205A

[§9)
W
=
=

Figure 5. (a) Transit system with the maximum design speed of 600 km/h; (b) Bogie of the high-speed maglev; (c) Mechanical prop-
erties of the HRAM produced ZL205A alloy, together with the acceptance index. (d) Air spring mounting beam produced by HRAM.
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structural integrity and dimensional accuracy of the final
product. Moreover, ML models can improve the accuracy
of control by using historical data from real-time moni-
toring, to make reasonable predictions. WAAM process
control allows the development of a fully automated,
self-optimising system, which can minimise manual
intervention, reduces material waste, and improves the
overall quality and efficiency of the metal WAAM
process.

2.3.1. WAAM fabrication process

In WAAM, arc welding is usually combined with a wire
feeding mechanism. As illustrated in Figure 7, the raw
metal wire is melted using the heat of the arc, after
which the molten metal is deposited layer by layer on
a given substrate, using bead deposition guided by 3D
CAD model data. Robots or gantry systems are
employed to continuously deposit these beads, ulti-
mately forming a complete 3D metal component.
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The manufacturing of engineering parts using WAAM
generally involves three main steps: process planning,
deposition, and post-processing [55]. With a given CAD
model, 3D slicing and programming software can gener-
ate the necessary robot motions and welding par-
ameters to achieve manufacturing with high
geometrical accuracy. Based on welding deposition
models specific to the materials used for component
fabrication, the 3D slicing and programming software
provide automated path planning and process optimis-
ation to avoid potential process defects. During the
manufacturing process, robots conduct precise move-
ments of the welding gun, to construct the component
layer-by-layer. In addition, advanced WAAM systems can
also be equipped with various sensors, to capture the
welding signals, deposited weld geometry, metal trans-
fer behaviour, and temperature, thus enabling process
monitoring and control for achieving higher product
quality. This work describes a burgeoning area of
current and future research interest, which has the
potential to significantly enhance the performance of
WAAM processes.

2.3.2. Real-time monitoring of WAAM process

The formation of WAAM components is achieved
through a layer-by-layer deposition process. During
this process, single weld passes are closely spaced and
stacked, and a number of physical processes are
involved, including heat transfer from the arc to the
wire, changes in droplet morphology during wire
melting, solidification, and changes in the geometry of
the weld passes. These events influence the perform-
ance and quality of the finished product to significant
extent [56]. In order to achieve effective control in
WAAM, it is necessary to have real-time access to the
process parameters during the manufacturing process.
Figure 8 gives the parameters that may affect the final
product, for different processes carried out during
WAAM. Existing research methods generally monitor
the melt pool geometry, brightness and thermal distri-
bution, through physical sensors [57]. The images
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€ Travel speed

Surface quality
Physical properties

» Mechanical properties
Fatigue performance

Figure 8. The decisive factors during WAAM process.

obtained from the monitoring process are then quan-
tified and analysed, and the collected data is used to
design control strategies and provide effective data
support for model creation and modification. The key
to effective monitoring is the accurate and efficient
analysis of the collected data, generally divided into
three categories: one-dimensional (1D), two-dimen-
sional (2D) and three-dimensional (3D) data [58].

In the WAAM process, 1D data is relatively straightfor-
ward to obtain and fast to process. This data typically
covers arc welding current and voltage, wire feed rate,
and welding speed, which can be collected at low
cost. Given the complexity of the WAAM process, 1D
data does not usually provide sufficient information for
analysis. Consequently, in order to acquire more detailed
information about the shape of the part, 2D data is
required. As shown in Figure 9, considerable numbers
of researchers have worked on offline parameter man-
agement in order to obtain 2D data [59]. 2D data is pri-
marily acquired by sensors, including industrial cameras,
photodiodes, laser scanners and X-ray cameras, in order
to find surface topography and to detect defects.

To improve the reliability of the WAAM process, it is
crucial to gather 3D data with comprehensive infor-
mation, using a non-destructive monitoring system to
detect process anomalies. In WAAM, alterations in the
melt pool can be monitored in real time by X-ray com-
puted tomography (X-CT) and temperature field
control [60]. Aucott et al. [61] demonstrated the ability
of synchrotron X-ray imaging to capture, visualise and
quantify the in situ melt pool evolution of metal alloys.
This technique allows for the observation and under-
standing of the formation and evolution of the melt
pool for the WAAM manufacturing process. X-CT is a
non-destructive, non-contact inspection method that
allows for real-time monitoring of internal microstruc-
tures formed during the welding process. This enables
the detection of otherwise undetected defects, using
1D and 2D data.

However, the real-time effects of process parameters
on stress evolution cannot be accurately estimated
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@ Grain growth
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Peening
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Post machining
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Figure 9. Monitoring and control framework of WAAM [59].

using conventional techniques [62]. In recent years, the
rapid development of neutron diffraction technology
has provided new means for non-destructive measure-
ment of 3D residual stresses in critical load-bearing
components. Nycz et al. [63] quantified the residual
stresses in large-scale AM components before and
after stress relaxation, using neutron diffraction, which
provides a crucial foundation for optimising process
parameters for printing AM components. As shown in
Figure 10, Plotkowski et al. [64] used neutron diffraction
to investigate the transient phase transitions and lattice
strain evolution of crystal transformed steel during AM.
The findings provide a novel approach to the design of
residual stress states and property distributions in AM
components. These insights could potentially aid in
regulating residual stress distributions, thereby enhan-
cing fatigue life and resistance to stress corrosion
cracking.

The primary goal of the monitoring and control
system is to improve process stability, precision in
shape, and production quality, while also enabling
real-time detection of defects in WAAM. Advances in
process control have significantly enhanced WAAM
technology, leading to notable improvements in
surface finish and material properties. Moreover, these
advancements have minimised variability between com-
ponents and reduced the occurrence of material discon-
tinuities, ensuring reliable performance in service.

2.3.3. Offline inspection of WAAM parts
One of the main challenges in WAAM is ensuring that
components not only have enhanced mechanical

properties but also maintain robust structural integrity.
To achieve this, it is crucial to meticulously control and
optimise the local microstructure, during the entire man-
ufacturing process. Also, employing multidimensional
and multiscale characterisation techniques is essential.
These techniques enable a detailed analysis of the
microstructure and localised properties, within specific
material zones across different spatiotemporal scales,
thereby allowing a thorough understanding of the
material mechanical behaviour. The ultimate goal is to
establish a quantitative mapping relationship within
the PSPP framework, which is instrumental in refining
the material processes and microstructure. This
mapping significantly contributes to the rapid, cost-
effective development and deployment of high-per-
formance metal materials and components.

Therefore, to establish a comprehensive PSPP system,
it is necessary to utilise materials characterisation tech-
niques with different spatial resolutions to obtain infor-
mation on various scales, such as dislocations,
precipitates, grain size, grain boundary characteristics,
texture, elemental segregation, and manufacturing
defects. This multiscale correlation of data can provide
good information on materials and structures, which is
indispensable for accurately predicting their service per-
formance, and for establishing theoretical models.
Material structure characterisation techniques mainly
fit into two categories: traditional 2D destructive and
advanced 3D non-destructive methods. Burnett and
Withers [65] emphasised that sample preparation and
foundational for materials characterisation, especially
for high-resolution characterisation.
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diagram to monitor temperature and phase transformations at different heights [64].

Offline imaging involves unloading the specimen
after reaching a predetermined damage stage, followed
by microstructural characterisation, and subsequent
cyclic loading and unloading, for further analysis. Con-
versely, in situ imaging allows an application of load
that is concurrent with structural characterisation,
allowing a real-time and dynamic assessment of
material damage evolution. Figure 11 illustrates the
nucleation and growth of voids in the WAAM Ti6Al4 V
alloy using multidimensional and multiscale correlated
imaging [49]. This kind of visualisation shows the
damage evolution mechanisms, and offers semiquanti-
tative scientific support when investigating material
degradation mechanisms, and constructing life predic-
tion models.

Specifically, Figure 11 utilises multiscale structural
characterisation methodology focused on a particular
stage of material damage, analysing the voids’ nucleation
and growth, looking at the local microstructure, chemical
composition, and dislocation dynamics. To monitor the
progression of internal damage, prevalent methods inte-
grate advanced light sources with offline or in situ high-
resolution imaging techniques. For example, Xie et al.
[66] employed high-resolution synchrotron radiation X-
ray micro-computed tomography, to image defects in
the WAAM process. This approach enabled the research-
ers to gather information about internal defects, and
identify critical defects. The complex thermal conditions
present in WAAM lead to the formation of equally
complex residual stress patterns.
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Figure 11. Multidimensional and multiscale correlated imaging characterisation of fatigue damage behaviour in WAAM Ti6Al4 V alloy

[49].

In the context of damage evolution of behaviour by
utilising in situ high-resolution tomography, it is note-
worthy that the development of in situ mini loading
devices is progressing towards incorporating a number
of things and events. These include a broader spectrum
of near real service conditions, (such as monotonic
tension, cyclic bending, low-cycle fatigue, high-cycle
fatigue, and ultra-high-cycle fatigue), more complex
environments, (including ultra-high temperatures,
ultra-low temperatures, corrosive atmospheres, and
irradiation), and integrating functions for mechanical
loading and sample environment control. This progress
is driving research on material service damage in inter-
disciplinary and multiscale directions. At the same
time, in order to understand material service damage

mechanisms, there is a continual fusion of various tech-
niques, such as X-ray imaging and diffraction tech-
niques, as well as neutron diffraction and imaging
techniques.

Following the acquisition of the damage evolution
landscape during material service, it is imperative to cor-
relate it with mechanical and fatigue performance
studies, to finally identify the multidimensional and mul-
tiscale mechanisms of near service damage failure,
thereby refining fatigue damage prediction models.

3. PSPP based on physical modelling

WAAM offers extensive opportunities to meet flexible
design requirements and enhance product performance.
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Despite this potential, there remains a significant lack of
understanding of the dynamic and complex processes
involved in WAAM, (such as microstructure formation,
porosity, residual stress, and surface roughness (SR)
etc.) and their impact on the service performance of
the final products. This significantly hinders the wide-
spread adoption of WAAM technology. To advance the
understanding of WAAM, it is crucial to identify the
PSPP relationships.

Recently, researchers have been developing multi-
scale models to define PSPP relationships [41-43,47,
48,67-71], aiming to quantitatively understand AM pro-
cesses. These models specifically analyse the effects of
AM'’s distinct layer-by-layer fabrication techniques on
material evolution, on both local and global scales.
This analysis guides the optimisation of structural
characteristics, which in turn enhances the mechanical
properties and service performance of the final pro-
ducts. As depicted in Figure 12, both microstructure
evolution and performance can be affected by the
process parameters, and by the defects. Although
many types of defects can be mitigated through post-
process heat treatments, designing the manufacturing
stages can substantially improve microstructure, and
boost mechanical properties. Therefore, conventional
metallurgical models continue to be valuable tool to
understand some of these intricate process-structure
relationships.

The fatigue performance of AM treated is influenced
by four main factors: microstructure, internal defects,
residual stresses, and surface roughness [74]. These
factors are closely related to differences during manufac-
turing, so it is necessary to fully understand WAAM tech-
nology and its influence on the mechanical properties
and fatigue performance of parts. In order to clarify
the relationship between these factors and process par-
ameters, some investigations usually involve exploring
the interaction mechanisms between them, aiming at
establishing a systematic relationship among process,
structure and performance. This characterisation serves
as the primary basis for selecting a numerical scheme
for predicting the microstructure of final additive manu-
facturing materials and establishing connections
between their configuration, composition, and perform-
ance, i.e. the PSPP relationship. This approach is
intended to gain valuable insights and enhance the
optimisation of the WAAM process, and of component
design, and enables a deeper understanding of the
potential relationships between material changes and
manufacturing processes, thus facilitating the modelling
of dynamic processes across multiple scales.

3.1. Microstructure-properties links and control

In the WAAM process, materials are built layer-by-layer,
melting and depositing onto a solid substrate. This



process occurs without interfacial thermal resistance,
leading to rapid thermal conduction. Consequently,
non-equilibrium solidification takes place, due to high
temperature gradients and rapid cooling rates. The soli-
dification thermodynamics and kinetics become
complex under such conditions. Each deposit experi-
ences a brief but intense cycle of heating and cooling,
undergoing rapid, variable-temperature transform-
ations, that differ from what occurs in traditional manu-
facturing processes. This leads to a unique, multilayered,
and heterogeneous microstructure, characterised by
large columnar grains. Although these grains are ben-
eficial to creep resistance at high temperature, they
usually have lower strength, toughness, and corrosion
resistance at normal working temperatures, compared
with fine equiaxed grains [75,76].

Acquiring fine equiaxed crystals in WAAM is very chal-
lenging. The growth of these grains usually extends
beyond the epitaxial growth area of the substrate,
leading to a competitive environment. In the competi-
tive environment, due to the decrease of the total
number of grains, fewer but larger grains are formed.
Generally, grain growth is consistent with the strongest
thermal gradients. However, the lower energy density
arc of WAAM produces weaker thermal gradients and
slower solidification rates, which, combined with the
heat dissipation capacity of the substrate, promotes
the growth of large columnar grains perpendicular to
the welding direction [77]. The limited mechanisms of
nucleation of new grain in WAAM allow this growth to
continue without restriction [78], leading to the develop-
ment of poor and anisotropic mechanical properties.
Consequently, achieving columnar to equiaxed tran-
sition (CET) presents a significant challenge in WAAM
due to the high local heat input, and the large tempera-
ture gradients.

WAAM is similar to welding process, in that nuclea-
tion initiates at the base-metal grains located along
the fusion line, that serve as a substrate. These grains
then expand to the weld’s centre through epitaxial
growth (Figure 13(a)). The molten melt pool, which is
in close contact with these base-metal grains, fully satu-
rates them due to its complete wetting property [79].
Figure 13(b) illustrates that solidification occurs direc-
tionally, moving from the previously deposited substrate
towards the molten liquid, driven by the loss of heat in
the direction of the solid substrate. The barrier to hetero-
geneous nucleation is minimal, leading to the domi-
nance of grain growth in shaping the final
microstructures. As grains expand, solute atoms are
expelled into the surrounding liquid, forming a solute-
rich layer ahead of the advancing solid-liquid interface.
This accumulation broadens the freezing range as

VIRTUAL AND PHYSICAL PROTOTYPING . 13

depicted in Figure 13. Consequently, constitutional
supercooling, prompted by micro segregation. This
supercooling occurs, coupled with the morphological
stability of the solid-liquid interface, significantly
affects the outcome of the rapid solidification process.

According to classical solidification theory [82], the
microstructure of metal alloys during directional solidifi-
cation is governed by local conditions in the melt pool,
primarily the temperature gradient (G) and the solidifica-
tion rate (R) (Figure 13(c)). These parameters collectively
dictate the solidification microstructure. The ratio of the
temperature gradient to the solidification rate (G/R)
influences the grain morphology, while their product
(GXR) determines the cooling rate, which in turn
affects the microstructure’s size. With increasing sub-
cooling, the microstructure transitions from a planar
front to an equiaxed dendritic morphology. According
to the classical nucleation and growth theory, the critical
conditions for CET can be given by the following
equations:

G=|VT| (M

R = (1/G)(aT/dt) )

n
1l > CcerColumnargrain

Gn
== CcerTransitionline 3)

Gn
= < CcerEquiaxedgrain

where Ccer is a critical value related to the undercooling
at heterogeneous nucleation sites, and n is a material-
dependent constant. As shown in Figure 13(d), in the
lower right part of the CET diagram (when the tempera-
ture gradient is high, and G"/R > Ccgr), formation of
columnar grains is favoured during solidification, which
is prevalent in additive manufacturing. In WAAM, a
steep thermal gradient and high cooling rate favour
the formation of dendritic columnar structures. As sub-
cooling increases, the microstructural evolution marks
a morphological shift from planar fronts to isotropic den-
drites [81].

Based on the above theoretical analysis, it is obvious
that the change of temperature history, peak values, gra-
dients and cooling, and curing rate, will affect the for-
mation of microstructure. WAAM can be described at
three different scales: macro, meso, and micro (see
Figure 14). The phase transformations and grain
growth in WAAM can be effectively predicted by com-
bining the temperature curve generated by the macro-
scale model with the transient metallurgical equation
obtained by the hardenability algorithm [59-61,83-85].
However, the macro model faces challenges in
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accurately describing the dynamic processes of arc heat
transfer and the behaviour of droplets. These phenom-
ena require analysis at the mesoscale through a sophis-
ticated multi-physics model that accounts for
interactions among different states of matter, these
being plasma, gas, liquid, and solid [62-64,86-88]. Hu
and Tsai [89] developed a unified model that incorpor-
ates various phenomena, suggesting that droplet trans-
fer and alterations in the weld pool surface both affect
the transient distributions of current density, arc temp-
erature, and arc pressure.

These parameters are often assumed to maintain con-
stant Gaussian profiles in conventional macro-scale heat
source models. To broaden the practical applicability of
these complex meso-scale multi-physics models, it is
essential to integrate fundamental equations that
govern mass conservation (4), momentum (5), energy
(6), and current continuity (7) with the actual dimensions

of the metal parts.

P Ve =0 @
ov ) 1
p §+von =—-Vp+uVv v+§,uV(Vov)+pf (5)
pw=0D+g—Vgq (6)
V'O +3 =0 (7)

where p is the density, u is the viscosity,tis the time,v is
the velocity vector, p is the pressure, f is the internal
forces (forces per unit of mass), w' is the internal
energy rate per unit of mass, o is the cauchy stress
tensor, D is the rate of deformation tensor, g is the
heat generation rate per unit of volume, g is the heat
flux vector, @ is the electric potential, and X is the electric
potential source [90].
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While the mesoscale model effectively illustrates how
droplet transfer and weld pool deformation influence arc
characteristics, its practical application is constrained by
high computational demands, and the transient nature
of these phenomena. Conversely, while models
provide direct simulations of metal solidification, grain
growth, and phase transformations, implementing
them within realistic manufacturing timescales presents
significant challenges, as shown in Figure 14. In addition,
randomisation methods such as the Monte Carlo
method and cellular automata provide alternative
approaches to checking the changes in material micro-
structure [91]. Wang et al. [92] proposed multi-scale
experiments and modelling to reveal the physical basis
of structure evolution and control, in the WAAM
process. The multi-scale models are important for reveal-
ing the thermal dynamics and structural dynamics of the
manufacturing processes of metal structures.

Recent advancements in WAAM have focused on
enhancing the microstructure and properties of metallic
materials [93,94]. Strategies that have been employed
include optimising process parameters, applying high-
pressure rolling, using ultrasonic shot peening, and
incorporating alloying elements. The focus of some
research has been on optimising process parameters
to modify and enhance the microstructure, in order to
achieve specific properties of the material. Peng et al.
[95] enhanced homogeneity by integrating TiC particles
into WAAM, eliminating columnar crystals. Wu et al. [96]
refined ferrite grains in duplex stainless steels, through
in situ alloying, controlling subcooling rates to
influence grain formation. Zhuo et al. [97] explored

grain morphology in titanium alloys, comparing mono-
layer and multilayer deposition methods. Wang et al.
[98] investigated arc mode effects on the stability and
integrity of WAAM structures. In addition to traditional
experimental approaches, many researchers have
employed thermo-mechanical coupling models, to
macroscopically describe  WAAM [99,100]. These
models are particularly effective in identifying and opti-
mising process parameters.

Beyond optimising process parameters, several
researchers have refined WAAM by enhancing depo-
sition techniques to achieve targeted properties. Cai
et al. [101] introduced OL-WAAM, a laser-assisted tech-
nigue that refines microstructures by maintaining high
laser energy densities to remelt each layer. This
method, as shown in Figure 15, alters grain growth
dynamics compared to conventional WAAM, introdu-
cing more nucleation sites and shifting temperature gra-
dients dynamically due to laser oscillation effects. Zhang
et al. [102] applied high-energy ultrasonication to
reduce grain size and enhance mechanical properties.
Gong et al. [103] tailored microstructures to achieve
higher strength and reduced anisotropy. By applying
specific post-processing techniques, such as heat treat-
ment and surface finishing, the microstructure of
materials is refined, and corresponding mechanical
properties are enhanced. Guo et al. [104] improved the
mechanical strength of commercial Al alloys, through
microstructural control via WAAM machining and T6
treatment, surpassing 500 MPa in yield strength and
550 MPa in ultimate strength. It can be seen that the
modulation of the microstructure can change, and
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potentially enhance, the mechanical properties of the
material. It is not easy to analyse how microstructure
continually influences mechanical properties, due to
the complex and variable nature of material behaviour.

Table 1 summarises the relationships between
process parameters, microstructure, and mechanical
properties, for various metallic materials. Refining the
microstructure of materials such as SS316L stainless
steel, Al-Mg alloy, and HSLA steel, significantly enhances
their strength and toughness, while reducing defects
and stress concentrations. This improvement in micro-
structural integrity demonstrates the link between
microstructure and macroscopic properties, and opens
up new areas of research for material optimisation.
Different microstructural morphologies, such as colum-
nar and equiaxial crystals, impact mechanical properties
by influencing the distribution of grain boundaries,
phase boundaries, and dislocations. Specifically, equiax-
ial crystals improve ductility due to their isometric
nature, whereas columnar crystals introduce anisotropy,
affecting directional strength properties. Furthermore,

advanced processing techniques like optimised par-
ameter settings, advanced rolling, and stirring friction
processing can enhance WAAM, strategically guiding
microstructural evolution, to significantly improve
mechanical properties. The influence of thermal cycling
on microstructure evolution also plays a critical role, as
demonstrated by the formation of equiaxial dendrites
in the top layer of AZ31 magnesium alloy during
welding. This example highlights the intricate relation-
ship between thermal cycling, microstructure, and
material properties.

The corrosion resistance of additively manufactured
steels is strongly influenced by their microstructure.
Specifically, a uniform microstructure distribution
notably enhances corrosion resistance. Austenitic
phases, in particular, are more effective at reducing cor-
rosion rates than martensitic and ferritic phases, with a
dense surface further improving resistance [116]. Opti-
mising process parameters and heat treatments can
significantly enhance these properties [117]. Addition-
ally, the performance of WAAM components under
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Table 1. Microstructure and mechanical properties of metals fabricated by WAAM.

Material

Process factor

Microstructural features

Mechanical properties

SS316L [98]

Ti-6Al-4 V [101]

Al-Mg4.5Mn alloy
[105]

$S316 [106]

Al-Mg alloys [107]

HSLA steel [108]

AZ31Mg [109]

Arc modes
Deposition rate
Deposition models

laser power
In situ rolled
Heat source
Heat inputs

Heat inputs

Heat source (CMT)

Smaller secondary dendritic arm spacing

The prior- grains decreases first and then increase as the laser power
increases,

Columnar and isometric crystal composition

Numerous columnar dendrites extend in the direction of construction

Achieved modification columnar grain to equiaxed

Mainly of pearlite and ferrite

Hybrid vertical columnar dendrites and direction-changed columnar

dendrites. The top layer appears as equiaxed dendrites due to
columnar to equiaxed transition (CET)

UTS 540 MPa
YS 418 MPa
Vertical UTS 1322 MPa
Horizontal UTS 1309 MPa
UTS 285.9 MPa
Elongation 23.3%
UTS 541.50 MPa
YS 506 MPa
UTS 249-262 MPa
YS 119-141 MPa
UTS 860 - 950 MPa
YS 530 - 620 MPa
Fatigue 263 MPa (10°)
Building direction
UTS 210.5+3.5 MPa
YS 131.6 = 4.2 MPa

Al-Si alloy [110] travel speed of
welding torch

Deposition tracks

compounds
Nickel-aluminium
bronze [111]

High strength steel
[112]
5183Al [113]

Deposition strategy
cooling rates
Deposition
dimensions
2219Al [114] WAAM + interlayer
Friction stirs (FSP) matrix
AWS ER100S-G
steel [115]

Heat source (GMAW)

Alpha-Al dendrites, eutectic Si particles and Fe-rich intermetallic

Consisted of an a-Cu phase (light area), a ' phase (dark area), and
intermetallic k phases mainly composed of Fe

Equiaxed grains are dominant

Coarse eutectic phases were broken and dissolved into the a-Al

High amounts of acicular ferrite (AF), some pro-eutectoid ferrite (PF)

Travel direction
UTS 151.9 + 12.9 MPa
YS 71.2 £ 45 MPa

UTS 205.6 MPa
YS 98.0 MPa

WAAM-NAB has better corrosion
resistance than cast alloys in artificial
seawater.

Displayed a mixture of acicular ferrite, bainite and martensite phases  /

74.98 +2.70 HV0.2

UTS 265.05 - 278.43 MPa

YS 156 -169 MPa
UTS 277 MPa

YS 143 MPa

Ultimate fatigue strength 139 MPa
VHCF 390 MPa at 109 cycles

high temperatures warrants attention. The strength
and stability of materials at elevated temperatures are
critical factors in assessing their high-temperature
mechanical properties. Appropriate heat treatment
processes, such as solid solution treatment and aging,
not only reduce residual stresses and refine grain struc-
ture, but also improve creep resistance [118]. These
improvements are essential for enhancing the mechan-
ical properties of WAAM components in high-tempera-
ture environments.

In summary, the intricate correlation between proces-
sing, structure, and properties forms the cornerstone of
strategies aimed at material modification and perform-
ance enhancement. In order to optimise the grain struc-
ture with AM, it is necessary to control the shape by
refining the grain size, so as to improve the mechanical
properties of the produced components. AM parts
generally exhibit inhomogeneity, leading to minimal
directional dependence in their macro-mechanical prop-
erties. This effect provides a microstructure basis for
developing multi-scale theoretical models. Typically,
controlling and optimising grain structure involves
creating equiaxed fine grains to improve both strength
and ductility. However, the work hardening process
leads to recrystallisation, and it is not suitable for AM.

Therefore, it is still challenging to establish a practical
method to refine grain structure, in order to quantitat-
ively enhance mechanical properties.

3.2. Defects-fatigue performance relationship

In the WAAM process, numerous factors, such as heat
source parameters, scanning parameters, material com-
position, and part structure, significantly influence the
quality of the final components. These factors lead to
defects that are characterised by their broad distri-
bution, diverse forms, wide size range, and complex
origins. These defects critically reduce the fatigue
strength of the components, and lead to greater variabil-
ity in their fatigue life. Thus, understanding the mechan-
isms of defect formation in WAAM is essential.
Minimising these defects and precisely predicting their
impact on fatigue performance can guide the optimis-
ation of process parameters, which in turn, enhances
the reliability and applicability of additive components
in engineering applications.

WAAM technology involves a multi-physical field
interface process, where the complex, transient, and
unbalanced physical, chemical, and metallurgical
characteristics are susceptible to unsuitable process
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Figure 16. Various defects in WAAM metal, including internal pores and cracks, and external issues like balling, surface finish, and

crack [119-123].

parameters. Changes in processing conditions during
the manufacturing of components can lead to the devel-
opment of internal defects. Moreover, the entrapment of
impurities in the AM process can result in defect for-
mation, thereby weakening the mechanical properties
of components. Figure 16 shows that WAAM metal
often exhibits various defects, such as internal issues
including pores and intergranular cracks, alongside
external problems like balling, surface finish, and
cracks [119-123]. To achieve high-quality AM products,
an in-depth understanding of the mechanisms of
defect formation is required, along with strict control
over process parameters to minimise the occurrence
and development of defects.

One of the most critical defects influencing the
quality of WAAM process parts is porosity, particularly
in relation to internal porosity and fluid properties
[124]. Figure 17, adapted from Yi et al. [125], provides
a detailed analysis of the key factors influencing porosity
in WAAM technology. These factors encompass various
arc operation modes and adjustments in process par-
ameters, including the settings of welding current and
voltage, wire feed rate, and the speed of the welding
head’s movement. Furthermore, the selection of an
appropriate shielding gas and its resultant atmosphere
also play a crucial role in determining porosity levels.
These internal porosities are commonly influenced by
stirring, shrinkage, and partial dissipation within the
melt pool [126]. As a result of alterations in pressure
and solubility, minute pores will emerge and coalesce
to form larger pores. These pores can be categorised
according to their morphology, into two main types:
Spherical ones, and irregularly shaped fusionless ones

[127]. Alternatively, they can be classified according to
the formation mechanism, with raw material-induced
pores, and process-introduced pores [128]. It is not
uncommon for gaps or voids to be observed during
complex deposition processes or sharp changes in the
temperature field, particularly when insufficient sputter-
ing or melting has occurred. The resulting pores are
often irregularly shaped [10]. Furthermore, contami-
nants on the surfaces of wires and substrates, such as
moisture, dirt, grease, and hydrocarbons, are difficult
to eliminate completely. These contaminants can be
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Figure 17. Porosity influencing factors of WAAM [125].



easily ingested by the melt pool, where they absorb
energy during the deposition process and contribute
to pore formation upon solidification [129]. Therefore,
it can be concluded that ensuring the cleanliness of
the raw materials is of utmost importance.

Researchers have strategically implemented a variety
of techniques to minimise or eradicate porosity in alu-
minium alloy components during WAAM processes
[125]. Innovative methods such as hybrid laser-arc addi-
tive manufacturing [125], ultrasonic vibration-assisted
processes [130], and the application of external mag-
netic fields have proven effective in reducing porosity
[41]. Cong et al. found that the critical factors that
enable the WAAM process to control the porosity
efficiently are the low heat input, a fine equiaxed grain
structure and effective oxide cleaning of the wire [131].
Additionally, Romali Biswal et al. clarified that the poros-
ity level has a significant impact on the fatigue behav-
iour of WAAM Ti-6Al-4 V structural components [132].

Defects resulting from processes such as lack of
fusion (LOF), can diminish the fatigue strength and life-
span of AM materials. Lack of fusion defects typically
have a flat, elongated shape and may evolve into
sharp notches or even crack-like defects. The appear-
ance of crack-like defects may also be attributed to
the distribution of low melting point second phases
along grain boundaries during subsequent deposition,
and the thermal effects of tensile stresses. This can
result in a significant deterioration of mechanical prop-
erties, with the potential for direct component failure
[133]. Seow et al. [134] note that the orientation of
crack-like defects influences the alloy’s apparent frac-
ture toughness. Consequently, orientation dependence
should be a primary concern at each stage of charac-
terising WAAM materials. Furthermore, the implications
of orientation-dependent fracture properties on the
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Figure 18 illustrates the stress distribution nepho-
gram around real pores and unfused defects in Al-
Mg4.5Mn alloy, that was, manufactured using micro-
area in situ forging and composite arc fuse additive
[66]. In Figure 18(a), the stress concentration of lack of
fusion defects is primarily located at sharp geometric
transitions on the defect contour, with a stress concen-
tration factor (Kt) of 1.92, which is greater than that of
the porosity defects (Kt=0.77) in Figure 18(b). Stress
concentration generated by porosity is relatively
evenly distributed at the defect’s edge perpendicular
to the loading direction and passing through the
central plane of the defect. In summary, it can be seen
that defect with larger size and complex morphology
near the material surface, have higher degrees of stress
concentration, with the most critical areas being poten-
tial fatigue crack nucleation points [135]. Consequently,
defects with higher stress concentration factors cause
greater levels of risk.

The presence of sinkholes can diminish the fatigue
strength of additive components and increase the varia-
bility in fatigue life. Establishing a direct mapping
relationship between defect parameters and fatigue per-
formance remains a central challenge in the field of addi-
tive manufacturing. Therefore, the priority is to minimise
internal defects as much as possible and accurately
predict the fatigue performance that results from these
defects.

Macroscopically, the fatigue limit represents the
maximum stress amplitude at which the material will
endure infinite cycles without failure. On a microscopic
scale, it corresponds to the critical stress for short crack
propagation. In this context, fatigue crack initiation
and short crack propagation are permissible when the
external load remains below the fatigue limit.
However, the short crack halts its propagation before

assessment of structural integrity merit careful extending into a long crack, forming a non-propagating
consideration. crack. Considering non-propagating cracks, Murakami
(a) S, Mises, MPa (b) S, Mises, MPa
(Avg: 75%) (Avg: 75%)
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Figure 18. Mises stress distribution nephogram around defects in Al-Mg 4.5 Mn alloy produced through WAAM is described as

follows: (a) lack of fusion; (b) porosity defects [66].
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proposed the popular Murakami model, to quantify the
impact of small-sized defects (< 1000 um) on fatigue
strength, based on the concept of defect tolerance
[136]. The process of establishing the Murakami model
can be described as follows:

In the Danninger-Weiss model, the long crack exten-
sion threshold AKy,, combines the effects of defect
location, size and material hardness. When the stress
ratio R=—1, the expression for AKy, | can be given by

Ko, = g - (HV + 120) - [(area)'/?]"/3 ®)

where g is the geometric correction factor characterising
the location of the defect, g= 3.3x1073 for surface
defects and g=2.77x10"> for near-surface or internal
defects; HV is the Vickers hardness of the material.

The stress intensity factor amplitude AK correspond-
ing to small-sized defects (<1000 um) in the trap toler-

ance design is
K=Y.o-\/ - (area)'/? 9

where Ao is the stress range, and Y is defined as with g.
For surface defects, Y=0.65, and for near-surface or
internal defects, Y=0.5.

The fatigue limit ow of the material is obtained by
considering Egs. (8) and (9) such that AK=AKy, . It is
important to note that Eq. (8) is obtained for a stress
ratio R=—1, and therefore, ow is the fatigue limit only
at R=-1. In order to consider the effect of the stress
ratio and solve for the material fatigue limit ow(R) at
any stress ratio R, the Walker factor [(1-R)/2]" is intro-
duced [137]:

ow(R) = (10)

C-(HV +120) (1 - R)‘y
[area)']/® \ 2

where Cis the geometric correction factor, indicating the
effect of defect location (surface defects, C=1.41; near-
surface defects, C=1.43; and internal defects, C=1.56),
the exponent y in the Walker factor depends on the
type of material, and the Vickers hardness is satisfied
when y =0.226+HVx10™%.

Eq. (10) is a form of the Murakami model, which delin-
eates the relationship between a material’s fatigue limit,
and the size, location, and hardness of defects. This
model defines the fatigue limit from a microscopic per-
spective as a non-propagating crack and has been
extensively applied in evaluating the fatigue strength
of materials containing different types of defects.

In order to accurately evaluate the influence of
defects on the fatigue strength of materials, Japanese
scholars Kitagawa and Takahashi put forward the
famous Kitagawa-Takahashi (KT) diagram by combining
nominal stress and fracture mechanics [138]. The

engineering significance of the KT diagram is that it
combines the traditional nominal stress with the
advanced damage tolerance, to evaluate the fatigue
strength of the defect, including material fatigue
strength, so as to achieve reliable evaluation. With the
application and development of the classic KT diagram
in relation to materials with defects, scholars have pro-
posed a series of improved KT diagrams, the best
known of which is the El-Haddad Model [139]. The El-
Haddad model considers the influence of short cracks
on the standard KT diagram, and introduces the intrinsic
defect size (areag)'’?, to the original defect size (area)'’?
to be corrected. The mathematical expression of

(areag)"? is as follows:
1 (Knr\?
Jarea, = ~ <—Yt:;") (11)
0

where Ao0 is the range of fatigue limits for defect-free
materials.

The El-Haddad model replaces the (area)'? term in
the traditional KT model with (area)'*+(areao)"’*:

e — Kin,L
Y\/w(«/area + Jareay)

Introducing the intrinsic defect size (areao)'’? transforms
the horizontal line of the standard KT diagram into a
smooth transition from the stress control zone to the
threshold control zone. Consequently, the safety zone
area decreases, reflecting a more conservative assess-
ment of members capable of prolonged and safe
service. In the El-Haddad model, the impact of (areao)"”
2 can be disregarded only when the detected defect
size significantly surpasses the intrinsic defect size, indi-
cated by (area)'*>>(areap)'%. Under such conditions,
the calculation results of both the standard KT model
and the El-Haddad model align closely.

In both the standard KT diagram and the El-Haddad
model, the predicted results show a gradual decrease
in fatigue strength with increasing defect size, in the
larger defect size interval, which is consistent with the
related research and engineering applications.

Figure 19 shows that components with pores exhibit
lower fatigue strength and ductility, with porous speci-
mens showing a 33% lower fatigue life, compared to
defect-free specimens. The modified KT diagram, critical
for calculating the threshold for crack initiation due to
pores, assists in predicting fatigue limits for components
with varying pore sizes. At the upper limit of this
diagram, the fatigue limit for nearly defect-free materials
with minimal defect size impact is established. As defect
size increases, a corresponding decrease in fatigue
strength is seen, where stress intensity factor amplitudes

(12)
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Figure 19. Typical impacts of porosity defects on mechanical properties of WAAM parts. (a) Defect characterisation (b) stress-strain
relationships for tensile tests of reference specimens (solid lines) and porosity specimens (dashed lines);(c) three distinct S-N curves
were identified depending on the crack initiation site and pore size; (d) calculated fatigue strength limit (solid line) for WAAM Ti-6Al-4

V as a function of porosity diameter [66,132].

meet the threshold for long crack extension, as per linear
elastic fracture mechanics. The lower limit of the fatigue
strength reduction range in the KT diagram considers
the notch effect, defined by the fatigue limit range Ao,
of smooth specimens and the stress concentration
coefficients KT or Kf, as detailed in Figure 19(d). Biswal
et al. [132] described the relationship between porosity
levels and fatigue performance in WAAM Ti-6Al-4V com-
ponents, highlighting its implications for optimising
fatigue behaviour.

The adoption of process parameter optimisation and
post-heat treatment can only serve to reduce the level of
defects to a certain extent. These manufacturing defects,
which are not easily avoided, act as a source of stress
concentration, and induce fatigue crack nucleation,
leading to a significant degradation of fatigue perform-
ance, and reduction in fatigue life. Cong et al. [131] con-
cluded that unevenly distributed microstructure and

internal defects determine the fatigue performance of
WAAM processed metallic materials. Wu et al. [140]
and Hu et al. [127] accurately obtained the geometric
parameters of defects using SR-uCT, and further pro-
posed a modified three-parameter Kitagawa-Takahashi
diagram, to relate critical defects to the applied stresses
and fatigue life.

Defects can be considered as one of the important
factors controlling the mechanical properties and
fatigue performance of WAAM metals. Therefore, the
influence of metallurgical defects on the mechanical
properties of defective materials cannot be ignored. To
accurately and effectively assess the service perform-
ance of WAAM alloys and quantitatively describe the
relationship between geometric defect parameters and
material fatigue performance, it is essential to establish
the PSPP relationship based on process parameters.
This involves considering defect characteristics such as
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size, location, and morphology to evaluate the material’s
defect tolerance.

Internal defects are the main technical problem that
WAAM metal parts must overcome, to be put into
service. Quantitatively relating internal defects, includ-
ing size, morphology, location, and quantity, to basic
mechanics and fatigue performance, is a critical and
ongoing research topic. In addition, this analysis
informs structural design and technological processes,
facilitating the development of mapping models that
connect process, structure, and performance with
shape control.

3.3. Residual stress formation and effects

AM undergoes a process of rapid local melting and rapid
solidification of the surface material, accompanied by
some degree of re-melting of the subsurface matrix.
The inhomogeneous plastic deformation caused by the
melting-solidification-remelting thermal cycle is the
main source of residual stress in AM [141]. Debroy
et al. [86] described three key factors: (1) spatial temp-
erature gradients due to local heating and cooling of a
moving heat source; (2) thermal expansion and contrac-
tion due to multiple heating and cooling; and (3) plastic
and flow stresses. Figure 20 shows a representative
residual stress profile and the subsequent deformation
observed during the WAAM process [142]. In the
WAAM-based manufacturing process, it is evident that
excessive energy input, high deposition rates, and
large temperature gradients typically induce residual
tensile stresses in the top, bottom, and surface regions
of the additive components. These stresses significantly
reduce the resistance to fatigue crack nucleation and
growth, thereby degrading mechanical properties, and
shortening the fatigue life of the components. Therefore,
it is particularly important to control and minimise
residual stresses.

__ substrate = —
. /

The selection of process parameters and residual
stresses are intimately intertwined. Wu et al. [143] con-
ducted an investigation to reveal the influence of three
deposition patterns on the residual stresses and distor-
tion, in multi-layer WAAM components made of Ti-6Al-
4V and Inconel 718. Further, Huang et al. [144] investi-
gated the mechanism of residual stress formation at
the top of the deposited layer, by studying the distri-
bution of thermal stresses and welding deformation. It
was observed that residual stresses appeared at the
top of the deposited layer during the WAAM process,
and increased and then decreased with the increase in
the number of layers. Recognising this effect is essential
in understanding the residual stress associated with
WAAM process. The effects of processing conditions,
such as substrate thickness, interlayer temperature,
and deposition height, on the magnitude and distri-
bution of residual stresses, were investigated by
Derekar et al. [145]. With optimal process parameters,
these residual stresses can be effectively minimised, par-
ticularly in large-scale metal fabrication. Residual stress
control can be achieved by optimising deposition
paths, substrate preheating, dwell times, plate rolling,
and post-process heat treatments [80-84,146-150],
which  typically involve extensive and costly
experimentation.

Theoretically, the evolution of residual stresses in
WAAM can also be simulated using computational soft-
ware, in a manner similar to the modelling of welding
processes. As an alternative to experiments, it is possible
to determine most of the physical fields, while balancing
computational costs, to quickly and cheaply study the
development of, and prevention of residual stresses in
WAAM. Mughal et al. [151], Kumar et al. [152], Sun
et al. [153], and Abusalma et al. [154], developed a
finite element model, to simulate the evolution and dis-
tribution of thermal stresses during the WAAM process.
Through experimental and simulation methods, the
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Figure 20. Typical residual stress profiles in WAAM and consequent distortion: (a) clamped residual stress profile; (b) out-of-plane
distortion after unclamping; (c) redistributed and balanced residual stress profile after unclamping [142].



effects of different process parameters on residual stress
have been studied, and many stress prevention methods
have been proposed based on the principle of reducing
the shrinkage difference between different parts, after
solidification and cooling of the molten metal. This indi-
cates that numerical simulations may offer a more com-
prehensive understanding of WAAM residual stress
distributions.

Residual stresses in the deposition state of parts vary
significantly in all directions due to the anisotropy of the
fabricated parts. Feng et al. [155] numerically simulated
the temperature field, stress field, and deformation
during the WAAM process, revealing that both the inter-
layer temperature and substrate thickness significantly
influence residual stress distribution. Specifically, lower
interlayer temperatures and thinner substrates can be
effective in reducing tensile residual stresses. In
another study, Fan et al. [156] developed a finite
element model, to analyse the impact of cooling gas
on the stress and deformation of WAAM parts. Their
findings demonstrate that using a cooling source can
significantly reduce longitudinal stress levels in the
deposited layers. Moreover, Yang et al. [157] introduced
a novel time-accelerated strategy for predicting residual
stresses and deformations in WAAM, employing a semi-
analytical method that separates the temperature into
analytical and complementary fields. The numerical
simulations have proven particularly effective in mana-
ging the complex thermodynamic and mechanical inter-
actions during the fabrication of large metal parts,
highlighting how the thermo-mechanical behaviour of
parts is influenced by residual stresses [158].

To gain a deeper understanding of how process par-
ameters affect residual stresses and deformation, some
studies have focused on single-layer or single-pass scan-
ning simulations, ignoring the stress accumulation effect
of layer-by-layer stacking. Considering the multiscale
nature of the AM process, Li et al. [159] developed an
effective modelling approach. They derived an equival-
ent heat source from a microscale laser scanning
model and integrated it into a mesoscale ‘layer-by-
layer deposition” model, to construct a comprehensive
macroscale model. As shown in Figure 21, the method
was shown to rapidly predict residual stresses and defor-
mation of the component. In addition, new modelling
techniques have emerged to reduce the computational
time of multilayer forming simulations, such as selective
cell activation [160] and dynamic mesh coarsening/
refinement [161, 162].

It is widely acknowledged that residual stresses and
deformations represent a significant challenge for the
WAAM process. These factors not only affect part toler-
ances but can also lead to premature failure. Therefore,
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the effective detection of residual stresses and the
implementation of preventive optimisation during the
WAAM process are crucial for achieving high precision
and fast calculation for future large-scale WAAM
components.

3.4. Surface roughness effects and evaluation

Although one of the advantages of AM is the ability to
produce components with a near-net shape, the
process of layer-by-layer melting and deposition,
results in the surface of the material having a number
of defect characteristics. These include spherical
adhesion on the surface, localised depressions, uneven
surfaces, asymmetric defects on the upper and lower
surfaces, and a higher degree of roughness of the
surface  than that of traditional manufacturing
methods. Surface roughness can affect the performance
and functionality of the material or the component. A
rough surface is a common source of stress concen-
tration, which promotes fatigue crack initiation, signifi-
cantly reducing the fatigue strength and life.
Additionally, it compromises the material’s resistance
to abrasion and corrosion.

The surface roughness of as-deposited materials may
be affected by a range of processing parameters, includ-
ing the filler wire, shielding gas, travel speed (TS), wire
feed speed (WFS), ratio of WFS to TS, heat accumulation,
and solidification time [90-92,163-165]. Qiu et al. [166]
demonstrated the efficacy of Magnetic Arc Oscillation
(MAO) in enhancing the surface finish of WAAM-fabri-
cated materials. Li et al. [167] depicted that ultrasonic
nanocrystalline surface modification treatment results in
a reduction of surface roughness, accompanied by an
increase in surface hardness of approximately 100%. To
address issues related to poor material surface quality, a
diverse range of surface post-treatments can be applied
to AM metal parts [168], as shown in Figure 22,

It can be clearly found from Figure 22 that various
post-treatment methods are available to improve
surface roughness in arc additive manufacturing. The
choice of method depends on several factors, including
the material, shape, size, and desired surface quality of
the part. In practice, it is essential to comprehensively
evaluate the advantages and disadvantages of each
method based on specific circumstances to select the
most suitable technique for enhancing the surface
quality of the parts.

In the field of WAAM, surface treatment technologies
are pivotal in enhancing the surface finish of com-
ponents. These technologies can significantly reduce
surface roughness, thereby enhancing critical properties
such as wear resistance, fatigue strength, and corrosion
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Figure 21. Finite element modelling and simplified computation
multiscale simulation modelling approach [159].

resistance [169]. Table 2 shows the impact of various
surface treatment techniques on improving the surface
roughness of parts fabricated using WAAM.

In general, any measures to reduce the surface rough-
ness or internal defects of the part will have a positive
impact on fatigue life [136]. SR is usually encountered
in the form of a surface notch or defect, and it often
becomes the source that initiates a fatigue crack. The
geometric characteristics of a notch or defect have sig-
nificant influence on the duration of the crack initiation
stage of fatigue. For high-cycle fatigue, the crack
initiation stage accounts for a high proportion of
fatigue life, so it is considered that surface roughness

al approaches for residual stress prediction in AM components: a

has a significant influence on high-cycle fatigue domi-
nated by elastic strain. However, surface roughness has
little effect on low cycle fatigue with high plastic defor-
mation. The strain-life curve of low cycle fatigue is
usually described by the Manson-Coffin formula [175]:

€a = 8ea 1+ €pa = %(ZNf)b + 8;(2Nf)c (13)
where ¢, is the total strain amplitude; ., is the elastic
strain amplitude; &y, is the plastic strain amplitude; E is
the elastic modulus; €’s is the fatigue ductility coefficient,
which is dimensionless like strain; c is the fatigue duct-
ility index.

Surface post-treatments applied to AM metallic materials
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Figure 22. Categorisation of the surface post-treatments applied

to AM metallic materials [168].
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Table 2. Effects of different surface treatments in improving the surface roughness of WAAM parts.

Initial Ra value Post-treatment Ra value Percentage
Post-treatment Materials (um) (um) improvement
Magnetic Arc Oscillation [166] Ni-base alloy 198.64 144.69 27%
Ultrasonic Nanocrystal Surface Modification 2356 aluminium alloy 10.40 2.34 77%
[167]
Laser Polishing [170] SS316L 14.80 9.45 36%
Plasma Spray Coating [171] Duplex stainless steel 0.33 0.22 33%
2205
Waterjet Machining [172] Al alloy 35.00 6.50 81%
Shot Peening [173] 304 Steel 5.19 3.26 37%
Friction Stir Processing [174] Ti6AL4V 35.00 6.20 82%

Since only the elastic portion of the strain-life curve is
affected by surface roughness, Equation (13) is modified
accordingly, as shown in Eq. (14) [176]:

o
£a = Sea + £pa = 5 (2N)" B9 QN (19)

Figure 23 compares the difference between the pre-
dicted fatigue life value and the experimental value con-
sidering surface roughness [176]. The predicted values of
high-cycle fatigue life controlled by stress are given in
Figure 23(a), and values of low-cycle fatigue life con-
trolled by strain are given in Figure 23(b). These results
show that Eq. (13) and Eq. (14) can be effective in pre-
dicting high-cycle and low-cycle fatigue life, considering
surface roughness, and have significant potential for
fatigue life evaluation and prediction relating to metal
WAAM components.

Near-net-shape AM presents challenges, such as poor
surface quality, low dimensional accuracy, and difficulty
in achieving high durability. A rough surface is con-
sidered to have multiple defects or notches. As a
common source of stress concentration, it accelerates
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the early initiation of fatigue cracks, significantly com-
promising fatigue properties. Therefore, controlling
surface roughness is essential for the successful appli-
cation of WAAM, especially for complex parts that
must meet stringent performance criteria.

Effective surface quality control during the manufac-
turing process requires a comprehensive consideration
of the characteristics of raw materials, part design,
process parameters, and melting and deposition con-
ditions. Additionally, selecting an appropriate post-treat-
ment process is vital for enhancing the quality of the
final parts. Moreover, developing high-fidelity predictive
models and reliable methods for assessing fatigue
strength and life, which take surface roughness into
account, is essential for ensuring the engineering appli-
cability, reliability, and safety of additive components.

3.5. Structure-properties-performance
relationship

In recent years, the effects of the WAAM fabrication
process on microstructure, defects, residual stresses,
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Figure 23. Comparison between predicted fatigue life and experimental value considering surface roughness (double error band): (a)
Stress-controlled high-cycle fatigue; (b) Strain-controlled low cycle fatigue [176].
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roughness and mechanical properties have been exten-
sively investigated. The microstructure in WAAM-
forming alloys tends to exhibit rough and textured
columnar crystals, a microstructural feature which may
lead to anisotropic behaviour in terms of the mechanical
properties. In addition, the superheat generated during
arc welding can lead to high residual stresses or distor-
tions. Residual tensile stresses are known to adversely
affect the mechanical properties and resistance to
fatigue crack propagation of the material, because
they facilitate crack initiation and propagation. More-
over, it's crucial to recognise that, due to its high
surface roughness, WAAM is not a net-shape AM
process, and typically requires post-processing
treatments.

The main focus here, is to clarify the process-struc-
ture-properties characteristics of these materials.
Fatigue damage is one of the most common and domi-
nant forms of failure of engineered components in
service. Ensuring the reliability of fatigue fracture per-
formance requires a robust assessment and accurate
prediction methodology. It is of paramount importance
to ascertain the reliability of fatigue fracture perform-
ance through the implementation of a robust assess-
ment, and accurate prediction methodology, if the
application of WAAM is to be extended to real engineer-
ing components in service. Empirical evidence suggests
that the mechanical properties of WAAM materials show
comparable performance to those produced by conven-
tional fabrication processes under static loading con-
ditions [177], and development of improved fatigue
resistance represents a significant research focus in this
field [178].

Nevertheless, the WAAM fabrication process subjects
the material to a complex thermal history, and the
complex and variable thermodynamic, and geometric
boundary conditions may result in metallurgical
defects (pores, inclusions and cracks, etc.), between the
deposited layers. Additionally, the misalignment of
process parameters, including arc energy, cooling rate,
wire feed rate, and other variables, can result in the for-
mation of microstructural inhomogeneities within the
material, leading to a range of defects, including organ-
isational anisotropy, residual stresses, surface roughness,
etc. [179]. It is evident that these properties exert control
over the macroscopic properties of the material, thereby
adversely affecting the reliability of the component for
real-world applications. Among these properties, the
complexity of defect size, morphology, and distribution,
which are unavoidable and challenging to eliminate,
play a critical role in determining the fatigue perform-
ance and service reliability of components. Attempts
have been made to establish a correlation between

the fatigue strength and defect size, in AM materials.
Kitagawa and Takahashi [180] proposed the concepts
of stress intensity factor and critical short crack size,
and based on this, El Haddad [181] derived a mathemat-
ical model that can be used to describe the relationship
between fatigue strength and short crack size. Murakami
[182] observed that the influence of defects on fatigue
performance resembles that of short cracks. Expanding
on this observation, Beretta et al. [183] replaced short
crack sizes with small defect sizes in the El-Haddad
model, aiming to use the refined model for predicting
the performance of AM materials and components in a
relatively small dimension. Nonetheless, the effects of
the WAAM process on fatigue performance are intricate,
with variations in defect size and location contributing
to increased scatter in fatigue life, such that no general
theory or model can fully describe the effects.

Establishing a qualitative link between defect charac-
teristics and potential fatigue life is essential for ensuring
safe material performance in service. Xie et al. [66]
employed a novel approach, combining the peak-over-
threshold method with the enhanced NASGRO model,
to predict the fatigue life of materials subjected to
defect-controlled fatigue. Wang et al. [184] established
a fatigue cracking criterion with a specific physical
meaning for a strength-toughness coordinate system
containing equidistant inclusions size lines to reveal
the relationship between UTS, fracture toughness, and
critical inclusions sizes based on fracture mechanics
when considering different inclusions types. This
concept can be adapted to enhance our understanding
of the structure-property relationships of WAAM. By
doing so, it provides a robust theoretical framework
for managing fatigue fractures caused by various types
of inclusions in WAAM components.

In addition to establishing relationships between
structure and properties, understanding the relationship
between performance and properties is exactly the same
important. Extensive work has been conducted in mod-
elling and quantifying the fatigue strength. Numerous
models and prediction formule have been developed.
However, it's still necessary to address the numerous
factors affecting fatigue, which include microstructure,
defects, residual stress and the service environment. Fur-
thermore, there is a discrepancy between the solutions
offered by the research community, and those required
by the industry side. After analysing a substantial quan-
tity of available fatigue data, Pang et al. [185] established
qualitative and quantitative relationships between
fatigue strength and hardness, strength (tensile and
yield strength) and toughness (static and impact tough-
ness). Among these relationships, it was discovered for
the first time that with increasing tensile strength, the



fatigue strength initially increases to a maximum value
and then decreases, satisfying the quadratic parabolic
equation relationship:

oy = 0p,(C—P-0oyp) (15)

The ideal linear fatigue strength factor, denoted by C, is
defined as the ratio of the fatigue strength to the elastic
limit. The fatigue defect sensitivity factor, denoted by P,
is defined as the ratio of the fatigue strength to the
elastic limit. This relationship is applicable to a wide
range of materials, including traditional materials (e.g.
steel, aluminium alloys, copper alloys, and titanium
alloys), new materials (e.g. ultra-fine grain materials,
mild steel, and copper-aluminium alloys), and engineer-
ing components (e.g. shafts, manual gears, and joy-
sticks). Therefore, the tensile strength and fatigue
strength of the quadratic equation are collectively
referred to as the fatigue strength of the general
relationship. This relationship also provides a satisfactory
description of the relationship between fatigue strength
and tensile strength. It allows for the prediction or
design of materials by adjusting the material constants
C or P (Figure 24). Also, it allows for the rapid prediction
of the maximum fatigue strength and its critical tensile
strength [186].

The correlation between defects and fatigue perform-
ance, as well as the relationship between fatigue per-
formance and traditional mechanical properties, forms
a crucial theoretical foundation for designing com-
ponents using WAAM. Materials with higher vyield
stress can endure greater stress levels before experien-
cing plastic deformation, thereby lowering the risk of
crack initiation and propagation. Consequently,
materials with higher yield stresses generally exhibit
superior performance in low-cycle fatigue [187].

4. Machine learning-enabled PSPP mapping

The success of WAAM is contingent on two key factors:
component performance enhancement, and an
extended service life. However, despite the growing
interest in this field, the fundamental scientific principles
underlying WAAM are not yet well established, with
many aspects still dealt with empirically, and in a piece-
meal manner. This is compounded by the lack of a
unified approach that can systematically address the
various challenges and complexities associated with
WAAM technology, including the mesoscale interactions
between the arc and the printed material, as well as the
macroscale realisation of the component forming
process, properties control, and in-service performance.

As it is now increasingly recognised that predictive
ML can accelerate the development of WAAM

VIRTUAL AND PHYSICAL PROTOTYPING . 27

technology, it allows for the accumulation of datasets
as well as the use of physical knowledge in conjunction
with models. Furthermore, it enables the use of ML
models to find PSPP links embedded in the data, thus
completing the process-structure-properties-perform-
ance in the form of PSPP links. Consequently, a
number of studies have begun incorporating ML tech-
niques into WAAM with the objective of predicting the
relationships within the dataset, in order to optimise
the manufacturing process and enhance product per-
formance for service. Examples of predictive machine
learning algorithms include neural networks, decision
trees, polynomial regression and support vector
machines. It can be seen that the trend of integrating
predictive ML research into WAAM is still on the rise,
as depicted in Figure 25 [188], aiming to enhance under-
standing of the WAAM process and optimise decisions
regarding component quality and control.

Influenced by various factors such as anisotropic
structures, widespread defect distribution, deep residual
stresses, and complex surface roughness, the efficiency
and accuracy of predicting the mechanical properties
of metals in AM, based on traditional empirical models
and limited data, face serious challenges. In recent
years, as an inevitable product of the development of
big data and artificial intelligence, ML methods have
provided opportunities for effectively handling the
complex nonlinear relationships between high-dimen-
sional physical quantities, and have been receiving
ongoing sustained attention in the field of mechanical
performance prediction for AM.

The four factors most commonly associated with the
fatigue performance of additive components are micro-
structure, internal defects, residual stresses and surface
roughness. These factors are closely related to the man-
ufacturing process, and a significant body of research
has been conducted to establish the correlation
between process parameters and influencing factors.
This research has employed ML techniques to gain
deeper insights into the correlation mechanisms
between the two. This section will provide a brief over-
view of the main applications of WAAM in ML, and the
current research status of predicting the influencing
factors of component performance based on ML.

4.1. Process-structure optimisation

The accurate modelling of crystal structures plays a
crucial role in the optimisation of AM processes.
However, there is a relative dearth of ML-based studies
on WAAM grain modelling. Li et al. [189] proposed an
Artificial Neural Network (ANN) method for predicting
the competitive grain growth behaviour during DED.
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ANN was used to investigate the relationship between
grain boundary inclination, and thermal gradient,
crystal orientation, and the Marangoni effect. Kats et al.
[190] employed the Finite Volume Method (FVM) to
derive the temperature field, which was also integrated
with a metal cellular automaton to simulate the internal
grain structure of the melt pool. Subsequently, the
temperature gradient and cooling rate were linked to
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the grain size and morphology through a neural
network, which was then coupled with the FVM, in
order to predict the microstructural features under the
given process parameters in the DED process. This ulti-
mately led to the development of a physically-informed
ML algorithm, which can achieve fast and accurate pre-
diction of the grain structure in the DED process. This is
illustrated in Figure 26.
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Figure 25. Model training and in-process updating of the proposed ML-WAAM framework.
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Figure 26. Schematic of the prediction of grain structure by ML [190].

Data-driven grain structure modelling is still in its
early stages, with research focusing on establishing
mapping relationships between simple microstructure
descriptors and input features. The challenge lies in
the explicit modelling of grain structure as a high-
dimensional physical quantity. Other forms of data-
driven modelling exist, such as lattice structure model-
ling, dendrite structure modelling, two-particle phase-
field microstructure modelling, and regenerated scan-
ning electron microscope photographs.

The structural and geometrical nature of WAAM
treated components significantly influence both the
final quality and the mechanical properties, as well as
operational behaviour. Such models use the process par-
ameters of WAAM as input variables, using ML to predict
the interrelationships between these parameters and
the features. This approach allows an analysis of their
impact on the quality of deposition, thereby enhancing
the precision of the process, and the integrity of weld
geometry [191].

Numerous studies have correlated welding variables
with weld geometry and depth, to predict the perform-
ance of ML models for straight monolayer beads [111-
113,192-194]. For instance, Ding et al. [195] employed
an ANN model to correlate the between process par-
ameters and bead geometry. They subsequently
applied an adaptive medial axis transformation algor-
ithm, to achieve precise geometric deposition, as
depicted in Figure 27. Besides, Kumar et al. [196] charac-
terised bead width, bead height, and cross-sectional
area of beads using a second-order response surface
model involving four processing parameters. They then

identified optimal
genetic algorithm.

Further, Li et al. [197] trained an ANN on linear single-
layer magnetic beads, using the travel speed (TS) of the
motion control system, and the wire feed speed (WFS) of
the welding machine as input parameters. They used
this model to derive a WFS that produces the same
average magnetic bead height (BH), and average bead
width (BW). In addition, Lambiase et al. [198] used a
ML model to capture BH and BW, based on TS and
WFS, predicting the geometry of the beads with good
results. Gihr et al. [199] employed a multilayer percep-
tron (MLP) algorithm, to determine the relationship
between excessive deposition and porosity by analysing
data. The novelty of this study lies in demonstrating the
capability of ML models to capture and compensate for
geometric defects in beads at the turning points of
deposition, providing a blueprint for geometric predic-
tion research on different shape features in WAAM,
which could be directly applied to hanging or circular
features. By selecting appropriate processing par-
ameters through bead geometry modelling, the porosity
and post-processing requirements of WAAM can be
carefully mitigated.

processing conditions using a

4.2. Residual stress control

The intensly localised heat source in WAAM creates
steep temperature gradients, causing significant residual
stresses that may lead to thermal cracking and defor-
mation, thereby compromising part integrity. Under-
standing the WAAM process, especially temperature
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distribution, is crucial for its broader industrial appli-
cation. Le et al. [200] developed an efficient ML frame-
work, integrated with numerical simulation to predict
thermal history during single-bead track WAAM pro-
cesses. Similarly, Xie et al. [201] integrated physical prin-
ciples with data-driven methods, using a Physics-
Informed Neural Network (PINN), to model the 3D
temperature field of nickel-chromium alloy. This
model, which employs approximations of partial differ-
ential equations for calculating thermal conductivity,
and includes laser power, scanning speed, time, and
coordinates as data-driven components, was found to
require significantly less data to achieve high-precision
predictions, compared with purely data-driven models.
Moreover, Fagersand et al. [202] used finite element
data to train and test a multilayer perceptron model,
focused on predicting temperature evolution, and
assessing the transferability of thermal history in the
WAAM process.

During the WAAM process, discontinuities between
adjacent weld beads can result in uneven temperature
distribution, and significant residual stresses afterward
[203]. Therefore, it is of vital importance to optimise
the thermomechanical performance of continuous tool
paths. Employing a data-driven approach, Zhou et al.
[204] predicted the residual thermal stress fields in

situations with arbitrary component geometries and
continuous toolpaths. This method offers an efficient
and rational tool for optimising tool path planning in
metal AM, particularly focusing on residual stresses.
Notably, this approach bypasses the requirement for tra-
ditional finite element simulation to be used during
online prediction, significantly boosting prediction
efficiency, as illustrated in Figure 28.

Building on these findings, Zhou et al. [205] intro-
duced an evolutionary method based on a genetic algor-
ithm, to optimise the continuous tool paths with
superior thermo-mechanical properties, aiming to
achieve superior properties. This strategic approach
yielded significant outcomes, with an enhancement
exceeding 87% in thermos-mechanical performance,
and a reduction of over 32 MPa in residual stress. It
has been shown that the integration of ML with residual
stresses is progressively establishing more dependable
and efficient processes. Overall, the application of ML
methods in controlling residual stresses is paving the
way for more reliable WAAM processes. As ML
methods continue to advance, they have offered the
potential to revolutionise manufacturing, by enabling
more precise control over complex variables that
influence the quality and performance of manufactured
parts.
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Figure 28. A methodology for the prediction of thermal field histories and residual stress fields [204].

4.3. Defect and roughness control

Before industrial implementation, WAAM requires
surface finishing. This is due to the complex mass and
heat transfer dynamics during deposition, which leads
to irregularities in weld quality, and associated signifi-
cant surface fluctuations and reduced quality. Even
after mechanical finishing, residual defects at both the
surface and sub-surface may persist, often imperceptible
to visual inspection. Ignoring these defects can lead to
major issues, thus affecting product performance,
service life, and safety. Common issues like cracks, poros-
ity, deformation, and insufficient fusion, impact mechan-
ical properties and service behaviours. Therefore,
product inspection for defect analysis is crucial during
manufacturing. However, conventional examination
methods and non-destructive techniques often fall
short in enabling quality engineers to effectively
address these defects.

Thus, the development of intelligent defect detection
systems is essential for ensuring product quality. These
systems must predict and optimise process parameters
in WAAM. This could be done by utilising innovative
modelling techniques using ML, which can link process

parameters to product quality and service performance.
For instance, He et al. [206] introduced an intelligent
defect classification method in WAAM products, by
using a ML model. This method efficiently detects and
identifies defects in magneto-optic images, with a
limited number of defect samples from real inspections.
Cheepu et al. [207] implemented an ML model to
analyse defects in the initial and subsequent layers of
WAAM data, enabling the prediction of defects in sub-
sequent deposition layers. Their predictive model
achieved a remarkable 99.78% accuracy while detecting
and classifying defects in WAAM deposition layers.
Additionally, Surovi et al. [208] proposed a method for
constructing a geometrical defect detection model
based on acoustic sensing. This model identifies
defects in weld rod segments during the WAAM
process, by monitoring bead segments and labelling
datasets in terms of mean curvature thresholds, to dis-
tinguish between good and faulty bead segments. The
primary novelty of this work lies in its focus on geometric
defects, enabling precise localisation of defects and facil-
itating early intervention.

In the context of WAAM, which involves a layer-by-
layer deposition process, the quality of each layer
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significantly affects the final quality level. Li et al. [209]
systematically evaluated the pivotal role of hybrid
WAAM process, considering surface quality, material util-
isation, and efficiency. This evaluation was based on the
interplay between deposition and milling parameters.
To enhance the performance, the researchers endea-
voured to pinpoint the optimal combination of depo-
sition and milling parameters, by leveraging a second-
order regression model to predict the Surface Rough-
ness (SR) of WAAM components. Xia et al. [210] com-
pared the SR predictions from three ML algorithms:
Extreme Learning Machine, Adaptive Neuro-Fuzzy Infer-
ence System, and Support Vector Regression. It is
revealed that a non-linear correlation between SR, tool
speed, and wire feed rate, posing a challenge for con-
ventional modelling approaches. Yaseer et al. [211] uti-
lised Random Forest (RF) and ANN to forecast WAAM'’s
SR, which indicated that both ML algorithms effectively
modelled layer roughness, with RF surpassing ANN in
predictive accuracy and computational efficiency.
Kazmi et al. [212] introduced three ML algorithms,
including RF, ANN, and XGBoost, as illustrated in
Figure 29, to predict the SR of WAAM-deposited alu-
minium alloy beads. These findings from XGBoost and
ANN demonstrated notable capabilities in SR prediction.

These studies have laid the foundation for the
advancement of universal ML models tailored for indus-
trial settings, harnessing the capability of ML methods to
enhance the component quality during the WAAM pro-
cesses. At present, numerous ML investigations mainly
focus on the defect detection, SR assessment, and
optimisation of WAAM process parameters. However,
research linking these advancements to fundamental
mechanical properties and fatigue fracture performance
remains relatively scarce.

4.4. PSPP cross scale modelling

It is identified that metallic materials properties are
intimately connected to their processing, chemical com-
position, and microstructural characteristics. Under-
standing the impact of process conditions (e.g. process
parameters and temperature history) on the mechanical
properties, has become a central objective of advanced
manufacturing and materials science. Accurately pre-
dicting these properties is a significant challenge [178].

In recent years, the integration of ML techniques in
materials science and engineering has provided signifi-
cant breakthroughs in understanding and optimising
manufacturing processes. Particularly, ML has been
instrumental in describing the complex interrelation-
ships between the processes, microstructures, mechan-
ical properties and performance. These progresses can
be broadly classified into three categories: Process-Prop-
erty modelling, Process-Microstructure-Property model-
ling, and  Process-Structure-Property-Performance
(PSPP) modelling. Such categorisations reflect an
increasing complexity and integration of factors con-
sidered, which correspond to the depth and breadth of
the correlations being studied.

(1) Process-Property modelling: This modelling pri-
marily focuses on direct correlations between manufac-
turing parameters, and the resultant properties of the
WAAM components. This category utilises regression
analysis, neural networks, and other predictive models,
to map process parameters such as the temperature,
pressure, and duration, to mechanical properties such
as the strength, ductility, and hardness. The main objec-
tive is to optimise processing conditions to achieve
desired properties without requiring the for intermedi-
ate microstructural characterisation. Xie et al. [213]
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Figure 29. Flowchart of the experiment and data acquisition devices and the implementation of ML to the dataset [212].



introduced a data-driven supervised learning method,
which employs infrared measurements from thermal
images as input, to capture the intricate nonlinear
relationship between local thermal history, and final
mechanical properties. This approach is particularly valu-
able in industry, allowing for rapid adjustments to
process parameters, based on the desired end
properties.

(2) Process-Structure-Properties modelling: This mod-
elling extends the analysis to include microstructural
features as an intermediary between process parameters
and properties. It examines how different manufacturing
conditions affect the microstructure of the material, such
as grain size, phase distribution, and defect density, and
how these microstructural characteristics, in turn,
influence the material’s properties. ML models in this
area are often more complex and may involve a combi-
nation of image analysis techniques to characterise
microstructures, and predictive modelling to link these
characteristics to properties. Brooke et al. [214] utilised
ML models to predict manufacturing layer height and
grain size based on process parameters. Fang et al.
[215] employed a convolutional neural network (CNN)
to extract features from simulated thermal histories,
and predict mechanical properties in order to investi-
gate the correlation between thermal history, micro-
structure and mechanical properties of Inconel 718
during the DED process. The entire process is depicted
in Figure 30. Zhang et al. [216] developed a predictive
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model for the microstructure and tensile properties of
Ti-6Al-4 V alloys manufactured through the WAAM
process.

(3) Process-Microstructure-Property-Performance
modelling: The most comprehensive PSPP, routine con-
siders the entire lifecycle of a material or component
from manufacturing to performance in real-world appli-
cations. This approach not only accounts for the proces-
sing conditions and the resultant microstructure and
properties, but also includes how these factors affect
the final performance, such as fatigue life, corrosion
resistance, and wear performance. PSPP modelling is
integral to advanced engineering applications subjected
to complex loading and environmental conditions. Li
et al. [67] streamlined the PSPP relationship through
material characterisation, integrating process factors
into an ML model. Figure 31 illustrates the PSPP model-
ling approach employed in WAAM. This method can
establish PSPP relationships through a systematic
multi-scale characterisation and causal mapping of
materials, significantly enhancing time efficiency over
traditional iterative testing methods. By incorporating
process factors into the PSPP model, it becomes possible
to predict the fatigue life of components with greater
accuracy.

Currently, there is a lack of effective methods to
predict the intricate properties of metal materials
solely through phenomenology. ML presents an oppor-
tunity for optimising this, by establishing connections
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Figure 30. The simulated thermal process data, microstructure, and measured mechanical properties are analysed for process-struc-

ture-properties (PSP) relationship [215].
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Figure 31. The PSPP modelling approach employed in WAAM.

between microstructures and various characteristics,
thereby enhancing the performance of parts, based on
sound scientific principles. Moreover, the integration of
intelligent algorithms into WAAM workstations helps
refine decision-making strategies for tool paths,
leading to improved efficiency and sustainability. Conse-
quently, the integration of advanced intelligent
methods into material science and AM processes is
useful for improving product quality, and streamlining
manufacturing efficiency. However, this integration rep-
resents a fundamental step towards propelling additive
manufacturing technology into the technological
revolution.

5. Technological challenges and strategies

WAAM offers several advantages, such as higher depo-
sition rates, better material utilisation and scalability,
which makes it particularly suitable for producing
larger components of moderate complexity. Besides,
WAAM has found widespread application across
various industries, including aerospace and automotive,
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due to its efficiency, cost-effectiveness, and ability to
produce high-quality metal components. Research on
wire-feed AM of metal components is inherently inter-
disciplinary, involving the integration of materials
science, thermo-mechanical engineering, and process
planning. Despite significant advancements, there are
several areas where further research and understanding
are essential for the continued development and optim-
isation of WAAM technology. Based on extensive work in
the field [10,21,31,54,217], the following issues concern-
ing the integrity assessment of WAAM parts are of par-
ticular significance for future research.

5.1. Intricate PSPP relationship of WAAM parts

The PSPP relationship is fundamental to understanding
and optimising the WAAM, which helps describe how
process parameters affect the structure of WAAM
materials, which in turn affects their properties and ulti-
mately, their performance of WAAM components. Note
that the PSPP relations in metallurgy are complex and
not always quantitative. Establishing a reasonable PSPP



relationship in WAAM is a multifaceted challenge invol-
ving complex interactions between thermal, mechanical,
and material science principles. The inherent variability
in WAAM process parameters, material behaviour, and
the difficulty of real-time monitoring and data collection
all contribute to the challenge. Advanced modelling
techniques, including mechanistic and ML models, are
essential to tackle these complexities, but they also
require extensive data and validation efforts.

Fortunately, the integration of metallurgy, mechanis-
tic models, and ML method is essential for the design,
process planning, production, characterisation, and per-
formance evaluation of WAAM parts. From part design
and process planning to process monitoring and
control, ML can help reduce defects, achieve superior
microstructures and properties, and facilitate product
quality inspection, thus accelerating product qualifica-
tion. As shown in Figure 32, both mechanistic models
and ML can offer a quantitative framework for under-
standing the metallurgical characteristics of parts [203].
By using the joint applications of these advanced meth-
odologies, WAAM can achieve improved part quality,
enabling the production of high-performance com-
ponents across various industries.

Multi-scale ML modelling for WAAM processes should
be developed, which can well link processes not only to
structure performance, but also to product performance.
This may require the development of accurate and
efficient algorithms that use in situ observations, com-
bined with high-resolution direct simulations, to
acquire rich training data. Enhanced concurrent model-
ling techniques are also useful for determining the

Machine learning
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impact of local process-structure—property relationships
for global product performance control.

5.2. Real-time monitoring and control of WAAM

WAAM represents a multifaceted domain encompassing
multiple physical effects and scales, intertwining wire-
arc interactions at the micro-scale, melt pool dynamics
and columnar grain evolution at the mesoscale, and
thermo-mechanical coupling at the macro-scale. This
process operates across vast spatial and temporal
dimensions, with WAAM structures spanning metres in
volume and metal grains mere microns in size. While
printing large WAAM structures or components can
span hours, the heating and cooling of raw materials
occurs within seconds. These extensive spatial and tem-
poral scales pose significant challenges in monitoring
and controlling the WAAM process.

Real-time monitoring and control are very essential
for ensuring high-quality, consistent production, but
they usually face numerous challenges. These mainly
include dealing with harsh operating environments,
complex thermal cycles, material and process variability,
high data acquisition and processing demands, difficul-
ties in defect detection, control system complexity,
and sensor reliability issues. As depicted in Figure 33,
ML prediction enable the implementation of anticipat-
ory process control, ensuring that the AM process
adheres to the necessary specifications to meet perform-
ance criteria [218].

Addressing the challenges of real-time monitoring
and control in WAAM involves a combination of

| Mechanistic models
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> attributes via

» mechanistic understanding

A

Defects
Porosity, lack of fusion,
‘cracking, distortion,
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' 2
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structure, primary and
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Figure 32. The interplay of machine learning and mechanistic models in understanding the physical metallurgy of AM processes and

techniques [203].
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Figure 33. Example of ML application in real-time and near-real-time diagnostic-prognostic closed loop control for AM [218].

advanced technologies, innovative methods, and stra-
tegic planning. High-temperature sensors, protective
measures, and sophisticated thermal management can
help mitigate the harsh operating environment. Ensur-
ing consistent feedstock quality, and optimising
process parameters through advanced algorithms and
ML are crucial for managing material and process varia-
bility. High-speed data acquisition, sensor fusion, and in
situ monitoring technologies like high-resolution X-ray
imaging and ultrasonic testing can enhance defect
detection and quality control [219]. Developing adap-
tive control systems and predictive modelling, sup-
ported by cloud and edge computing, can manage
the control system complexity and computational
demands.

5.3. Data standardisation and physical
mechanisms

It is anticipated that the utilisation of ML modelling to
identify potential links between PSPP and WAAM will
become increasingly prevalent in the near future.
Further investigation of these core links is essential to
improve our understanding and improve control over
WAAM processes. Additionally, given the nonlinear,
multi-scale, and multi-physical nature of PSPP relation-
ships in WAAM, employing data-driven or physically-
informed ML models appear to be the most suitable
approach. The size and quality of the dataset play a
crucial role in ensuring the robustness of these
models, and accurately identifying the complex corre-
lations between physical quantities.

However, gathering fatigue data to construct these
datasets is both costly and time-consuming, presenting
a significant challenge in developing large-scale data-
sets. This has become one of the primary obstacles in

applying ML to predict fatigue performance. To
enhance the quality and quantity of training samples,
data augmentation techniques can be utilised. These
techniques allow for the integration of diverse data,
encompassing different scales and physical quantities,
sourced from experimental data, simulation results, or
a priori knowledge [220]. Moreover, a series of trans-
formations and modifications to the original training
data can generate new samples, thereby expanding
the size and diversity of the dataset. Alternatively,
using external data or a priori knowledge can help gen-
erate new samples without relying solely on transform-
ations of the original data.

Physical mechanism-driven ML represents an emer-
ging paradigm that aims to utilise prior knowledge to
inform ML modelling, thereby assisting in the interpret-
ation of models [221]. In order to construct physical
mechanism-driven ML models, it is necessary to grasp
the implied physical damage mechanisms between
input and target variables in advance, to select the
most appropriate physical knowledge. An inaccurate
understanding of the physical mechanisms will make it
challenging to guarantee the correct interpretation,
and physical consistency of the model, which will lead
to an inaccurate description of the correlation relation-
ship between the physical variables, reducing the pre-
diction accuracy of the model. Hence, there is a critical
need to establish a standardised method for extracting
physical information from the WAAM thermal process,
which is essential to ensure the accurate development
of physical mechanism-driven models.

6. Conclusions

Wire Arc Additive Manufacturing (WAAM) is a prominent
technique for fabricating solid free-form components,



renowned for its high deposition rates, and virtually
unlimited build dimensions. These attributes signifi-
cantly enhance the production speed of medium to
large critical components. However, the service life pre-
diction of WAAM components remain challenging, due
to complex nonlinear relationships inherent in the
thermo-mechanical process. Traditionally, physical mod-
elling has focused on key elements of fatigue, such as
microstructure, internal defects, residual stresses, and
surface roughness, integrating these into comprehen-
sive  PSPP (process-structure—property-performance)
models, to capture the full spectrum of interactions.
On the other hand, machine learning (ML) offers a
powerful alternative, providing a robust framework for
precise predictions and outcome optimisation. Utilising
historical data, real-time inputs, and advanced algor-
ithms, ML models excel in delineating the physical
factors that impact the service performance of WAAM
products, thereby establishing detailed cross-scale
PSPP relationships.

The present study commenced with a thorough
review of current WAAM technologies, encompassing
both standard and hybrid WAAM processes, alongside
detection and control methods. Real-time monitoring
is crucial for describing physical mechanisms, mana-
ging processes, and validating ML models. To facilitate
multidimensional and multiscale correlation imaging, it
is essential to place numerous sensors on the structure
to monitor device operation in real time. Offline
inspection of WAAM components provides insights
into microstructure, defects, residual stresses, and

surface roughness. The study further investigates
how these critical factors: microstructure, internal
defects, residual stresses, and surface roughness,

influence the service performance. Physical modelling
establishes the correlational relationships between
these variables and performance outcomes. Ultimately,
by integrating these insights with ML, a nonlinear PSPP
relationship can be found to improve control over
WAAM production quality, and predict service
performance.

The development of PSPP relationships has markedly
improved the evaluation of WAAM components. Yet,
challenges persist in achieving cross-temporal and
spatial scale modelling, in situ monitoring, and standar-
dised data modelling within PSPP frameworks. Despite
these challenges, using PSPP in WAAM holds significant
promise for reducing time and labour costs, while simul-
taneously enhancing the material properties and per-
formance. Looking forward, components manufactured
using WAAM, are poised to play a crucial role in indus-
tries such as aerospace, automotive, and heavy machin-
ery, etc.
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