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Abstract | Additive manufacturing enables the printing of metallic parts, such as customized
implants for patients, durable single-crystal parts for use in harsh environments, and the printing

of parts with site-specific chemical compositions and properties from 3D designs. However, the

selection of alloys, printing processes and process variables results in an exceptional diversity of
microstructures, properties and defects that affect the serviceability of the printed parts. Control
of these attributes using the rich knowledge base of metallurgy remains a challenge because of
the complexity of the printing process. Transforming 3D designs created in the virtual world into
high-quality products in the physical world needs a new methodology not commonly used in
traditional manufacturing. Rapidly developing powerful digital tools such as mechanistic models
and machine learning, when combined with the knowledge base of metallurgy, have the potential
to shape the future of metal printing. Starting from product design to process planning and
process monitoring and control, these tools can help improve microstructure and properties,
mitigate defects, automate part inspection and accelerate part qualification. Here, we examine
advances in metal printing focusing on metallurgy, as well as the use of mechanistic models and
machine learning and the role they play in the expansion of the additive manufacturing of metals.

The printing of metals is the fastest growing sector' of
additive manufacturing (AM) because of its capability
to manufacture parts that cannot be made by other pro-
cesses, soon after their design, while minimizing the
number of processing steps'~*. In the printing of metals,
the 3D design of a part is combined with manufactur-
ing software to produce a solid metallic part. Parts are
made in a layer-by-layer manner and using various heat
sources and feedstocks. Aerospace, healthcare, energy,
automotive, marine and consumer product indus-
tries all use printed metallic parts’. Examples of such
parts include patient-specific metal implants’, turbine
blades with internal cooling channels®, manifolds for
engines and turbines, and lattice structures and truss
networks with optimized strength to weight ratios’.
Many parts that previously required assembly can now
be printed as a single unit’. AM is also capable of fab-
ricating parts with site-specific chemical compositions
and properties®.

The major variants of metal printing'~, either directed
energy deposition (DED) or powder bed fusion (PBF),
differ by the type of feedstock (powder or wire) and the
heat source, either laser (L), electron beam (EB), plasma
arc (PA) or gas metal arc (GMA) (FIG. 1). With the aid of
computers, the motion of these heat sources is guided by
a digital definition of the part, which results in the melt-
ing of metals, in a layer-by-layer manner, to construct

3D objects'. A focused laser or electron beam then selec-
tively scans the surface and melts the powder particles
into the desired shape for each successive layer, until the
3D part is printed®. By using very small diameter beams
and tiny metal particles, intricate parts with fine and
closely spaced features are printed. In DED, a powder or
wire is supplied from above the build, whereas in PBF
thin layers of powder, often thinner than human hair,
are added after each layer is fused. These metal printing
processes also differ in their heat source power, scanning
speed, deposition rate, build size and other important
attributes’ (TABLE 1). The data show that the scanning
speed and power vary widely depending on the spe-
cific process used. These variations result in an extreme
10,000-fold difference of the cooling rates, as well as vast
differences in temperature gradient and heat input, not
encountered in conventional materials processing’. The
cooling rate and heat input affect the microstructure
and properties of components, and, hence, these param-
eters must be controlled more carefully than those for
the conventional processes to obtain good quality and
reliable parts.

In DED, the feedstock, in the form of powder or wire,
is melted either by a laser, an electron beam or an arc heat
source. Unlike PBE, most DED processes are not con-
fined by a bed or box of prescribed dimensions, allowing
large parts to be created"*'’. Wire-based DED is closely
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Fig. 1| Schematics of three metal printing processes. Powder bed fusion with a laser heat source (left), directed energy
deposition using a powder and laser heat source (middle) and directed energy deposition with a wire and gas metal arc

heat source (right). Some important attributes'—186:187.240

adapted from REF.**%, Springer Nature Limited.

of these processes are shown in TABLE 1. Cup in right image is

related to conventional welding processes, and uses high
powers to produce thick layers at high deposition rates to
manufacture large parts economically®. Parts produced
by DED-GMA, DED-PA and DED-L typically require
machining owing to the high degree of surface waviness
that results from large molten pools'. The exterior of a
wavy part resembles the surface of a lake on a windy
day with crests and troughs that scale with the AM layer
height, which is smaller than the molten pool size. The
electron beam processes are performed in a vacuum or
in inert gas of low pressure allowing the processing of
reactive metals, whereas the other heat sources require
shielding of the parts using an inert gas'. Some AM
processes do not require the melting of the feedstock.
Instead, thin sheets and ribbons of metallic materials
are consolidated by ultrasonic methods'~. Alloy pow-
ders are also bound together by jetting a binder in a
powder bed and then sintering in a high-temperature
furnace’.

AM processes have a large number of parameters,
including the power and speed of the heat source,
power density, feedstock geometry, delivery method
and scanning pattern’. Parameter selection is impor-
tant because it affects the shape and size of the molten
pool, and the resulting thermal cycles, cooling rates,
temperature gradients and solidification rates, which in
turn determine the evolution of microstructure, defects
and properties'. However, straightforward control of
the microstructure, defects and properties remains
elusive” because of the need to conduct many experi-
ments to explore a large range of process parameters.
The printing conditions are often selected based on the
recommendations of the machine manufacturer or by
trial and error'’. Predictions of microstructures, prop-
erties and defects in printed parts require both theo-
ries of metallurgy and knowledge of how AM process
parameters affect these features. However, metallurgical
principles cannot predict the process variables needed
to achieve good microstructures and mechanical prop-
erties. Mechanistic models and machine learning can
provide the connection between process variables, part
geometry, composition, microstructure, mechanical
properties and defects for a given alloy. Such correlations

are important because they can reduce the number of
experiments needed to achieve high-quality parts.

Improving part quality by trial and error is not opti-
mum for AM because of the high costs of feedstock and
machines’ combined with a changing economic culture
where new products are rapidly created. Mechanistic
models can predict physical attributes such as the tem-
perature and velocity fields, microstructure and defect
formation based on process variables, and thermo-
physical properties of alloys using phenomenological
understanding'®. If this understanding is lacking but
data are available on process variables, alloy properties
and product attributes, then machine learning'’ can
make valuable contributions to the quality of printed
parts. Starting from part design, process planning,
process monitoring and control, machine learning can
help reduce defects, achieve superior microstructures
and properties, and facilitate product quality inspec-
tion for accelerated product qualification. The rapidly
developing mechanistic models and machine learning
algorithms can also open opportunities for printing
new alloys’. The synergistic applications of metallurgy,
mechanistic models and machine learning are impor-
tant for the design, process planning, production,
characterization and performance evaluation of printed
parts (FIG. 2).

Metallurgy

Metallurgy has a mature knowledge base of processing,
microstructure, properties and performance. Yet there
are several issues of metal printing that cannot be under-
stood using this knowledge. Printing of single crystals,
parts with site-specific properties, superior combina-
tions of properties not easily attainable by other man-
ufacturing processes, unique metal matrix composites
and parts with tailored solidification morphology and
texture is complex and requires expansion of the existing
knowledge base of metallurgy.

Printing single-crystal parts

AM layers are connected to the previous layer through
melting, solidification and epitaxial growth, which
creates metallurgical texture in the part. Texture may
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or may not be desirable but can be used advanta-
geously in traditional directionally solidified or single-
crystal parts where superior high-temperature creep
resistance is required for aero-engine turbine parts'.
AM is now being used in the fabrication and repair of
single-crystal parts'>'®. PBF and DED processes have
made single-crystal, nickel-based superalloy parts
using both laser and electron beam heat sources through
control of solidification parameters'*-**. For example,
a CMSX-4 single-crystal cylinder 75 mm long and
12 mm in diameter was printed using PBF-EB* (FIC. 3a).
The larger rupture strain of the heat-treated single crys-
tal results in slightly longer creep life than conventionally
processed alloys'*.

The most important requirement to print a single-
crystal part is to maintain an appropriate combination
of the temperature gradient and solidification growth
rate to facilitate directional solidification®. These tem-
peratures and growth rates can be achieved by preheating
the powder bed'*"*~** and using complex combinations
of scanning pattern and speed'®*. More specifically, high
power, a low scanning velocity and a moderate powder
feeding rate were beneficial to fabricate single-crystal
parts”’. However, the directional solidification of single
crystals still requires the optimization of some process
conditions, including the preheat temperature, heat
input and scanning strategy”. Well-tested mechanistic
models of AM processes” can calculate the temperature
gradients and the solidification growth rates based on
which the conditions for directional solidification can
be determined.

A common difficulty in printing single-crystal parts
is the formation of stray grains. These grains'®* form
primarily near the top edge of the deposit owing to
high convective and radiative heat losses from the top
surface of the molten pool that disrupts directional
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solidification. Stray grains are not observed in the inte-
rior layers because of their remelting. The regions with
stray grains can be removed by machining. A quantita-
tive understanding of printing single crystals is evolving.
Developing high-fidelity mechanistic models of direc-
tional solidification in AM parts and databased machine
learning need more work.

Site-specific properties

Parts such as gears and crankshafts require hard surfaces
and soft cores, and AM enables the printing of such parts
with site-specific properties. For a single-alloy part,
site-specific properties can be achieved by tailoring the
microstructure by controlling heat input and scanning
strategies in both DED and PBF*”. Varying grain size
and tensile properties are achieved in an stainless steel
316 (SS 316) part printed using PBF-L by adjusting both
the laser power and the scanning pattern®.

In the functionally graded parts, site-specific proper-
ties can be achieved by varying the chemical composition
and microstructure of parts over the desired distance.
DED**, PBF*' and an AM process combining wire and
powder™ have been used to produce graded alloys. The
compositional variation in a graded joint between ferri-
tic 2.25Cr-1Mo steel and austenitic alloy 800H can be
produced by DED-L (FIC. 3b). Such joints are useful for
nuclear reactors but suffer from creep degradation at ele-
vated temperatures because of the diffusive loss of carbon.
The graded joint, when placed in service at 1,073 K, can
significantly reduce carbon depletion by diffusion across
the joint compared with joints between dissimilar alloys
(FIG. 3b). As aresult, a signiﬁcant improvement in creep
properties is achieved™. Also, a graded part between SS
304L and nickel alloy, Invar 36, was printed using DED-L
to achieve a low coefficient of thermal expansion without
sacrificing the strength and toughness of the part™.

Table 1 | Comparison of various parameters and attributes of three metal printing processes

Parameter or process

Heat source power® (W) 50-1,000 (up to 4 beams)

Scanning speed’” (mm ™) 10-1,000
Deposition rate*'*® (cm? h™) 25-180
Build size (mm x mm x mm) Maximum 800 x 400 x 500

15-60 (laser), 45-105
(electron beam)

0.04-0.20

7-30 (laser), 20-50
(electron beam)

Feedstock diameter (um)

Dimensional accuracy'**'*” (mm)

Surface roughness'™ (average
deviation of surface from
its mean height in um)

Post processing
pressing, machining

Cooling rate during 10°-10’
solidification’™° (K s7?%)

Temperature gradient™? (Km™)  10°-10’
Solidification growth rate'* 10-10°

(ms™)

Powder bed fusion with
a laser or electron beam

Heat treatment, hot isostatic

Directed energy
deposition using
a powder and laser

Directed energy deposition
using a wire (electron beam,
plasma arc or gas metal arc)

400-3,000 1,000-5,000 (gas metal arc
2,000)

6-60 5-50

20-450 100 to >1,000

Maximum 2,000 x Maximum 5,000 x 3,000 x 1,000

1,500 x 1,000

15-105 900-3,000

0.20-5 1-5

15-60 45-200+, surface needs
machining

Heat treatment, Heat treatment, stress

machining, grinding relieving, machining

10%-10* 10'-10%

10°-10° 10%-10*

107-107" 102-10"
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Fig. 2 | Contributions of metallurgy, mechanistic models and machine learning in the various steps of metal printing.
The interrelation between machine learning, mechanistic models and metallurgy is shown by bidirectional black arrows.
Some variables needed in machine learning, such as temperature, are difficult to measure but can be readily calculated
using mechanistic models. The process—structure—properties—performance relations in metallurgy are complex and not
always quantitative. Both mechanistic models and machine learning can provide a quantitative framework to understand
metallurgical attributes of parts. The contributions of machine learning, metallurgy and mechanistic models in the various
steps in the production and characterization of parts are shown by the grey, green and sky-blue lines, respectively.

AM, additive manufacturing.

The AM of materials with site-specific properties
is often challenging because of defects. For example,
a graded part between Ti-6Al-4V to Invar 36 can fail**
because of the formation of brittle intermetallic phases
including FeTi, Fe,Ti, Ni,Ti and NiTi, in the gradient
region. Unwanted phases are known to degrade the
mechanical properties of parts®>**. Machine learning,
combined with the metallurgical knowledge, has been
used to find the optimum process parameters to avoid
the formation of brittle phases™.

Unique combination of properties

Combinations of superior properties of printed parts,
not attainable by conventional manufacturing, have
been reported. For example, the strength and ductility
of stainless steel parts were simultaneously enhanced” "',
defying the expected strength-ductility trade-off com-
mon in conventional manufacturing. This unusual
behaviour has been attributed to hierarchal microstruc-
ture”, dislocation networks that retard but do not pre-
vent dislocation movements**, nano-cellular structure
in fine grains®, unusual texture and twinning***, and
extremely fine solidification cells*. The presence of
twinning in SS 316, built by PBF-L, has been suggested as
a contributing factor for its ductility (FIG. 3¢). In addition,
the printed part shows increased strength and ductility,
and a reduction of defects compared with a wrought
alloy (FIG. 3¢).

Improvements in strength without any degrada-
tion of ductility have also been reported in titanium
alloys*>~*%, SS 316L (REF.*) and 12CrNi2 (REF") and
Al-12Si (REF?") alloys. There are several different mech-
anisms for titanium alloys****. For example, rapid cool-
ing during PBF-L of Ti-22A1-25Nb (REF.*) increases
dislocation density owing to stress accumulation and
forms a nanoscale hexagonal omega precipitate. Both a
high dislocation density and precipitates hinder dislo-
cation movement and contribute to the high strength
without degradation of ductility. During solidification
of Ti-6Al-4V, columnar grains of a body-centred cubic
beta phase form. Subsequently, a hexagonal close-packed
alpha phase grows inside the prior beta phase. The small
sizes of both alpha and beta phases during DED-PA
enhance strength*. In addition, heat treatment results
in a globular shape of the alpha phase, enhancing tough-
ness*’. Rapid cooling of Ti-6Al-4V during PBF-L forms
hexagonal close-packed martensite, which enhances
strength®. Similarly, a fine-grain microstructure
with nanoscale precipitates improves the mechanical
properties of Ti185 alloy (Ti-Al-V-Fe)*.

The aforementioned results are exciting, but the
improvement in properties of alloys is not realized under
all processing conditions™. This observation is hardly
surprising because the cooling rate, temperature gra-
dient and solidification growth rate vary considerably
for different AM methods and processing conditions,
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a Single crystal of a nickel alloy, CMSX-4

b Site-specific properties
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and, hence, the parts produced have a wide variety of
microstructures and properties’. Further studies are
required to understand the unusual microstructures and
properties of printed metallic parts and their underlying
mechanisms.

Composites

AM offers a means to synthesize unique metal matrix
composites with excellent properties. Improvements in
microstructure and properties have been observed by
adding small amounts of non-metallic particles to the
feedstock. This addition enables the incorporation of
insoluble second-phase particles into the alloy, which
contributes to mechanical loading or other property
advantages, or creates second phases in situ to modify
the base alloy by means of nucleation enhanced grain

refinement. Examples include, Al, Ti and steel-based
metal matrix composites of Al/Fe,O,, AISi10Mg/SiC,
Al/ZnO, Ti/C, Ti/SiC, Ti/Si,N,, Ti/Mo,C and Fe/SiC*.

Incorporation of second phases. TiC has been added to
Inconel 718 (REFS***°) and Inconel 625 (REF.*), and carbon
nanotubes have been added to Inconel 625. Addition
of nano-TiC to Inconel 718 strengthens the alloy***
and reduces the coefficient of friction and wear rate*.
These benefits have been attributed to a combination
of three effects: changes in dislocation density owing
to the residual plastic strain caused by the mismatch of
thermal expansion between the two phases; the Orowan
strengthening effect that represents strengthening owing
to interaction between dislocations and small particles;
and the Hall-Petch effect™ that indicates higher strength
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< Fig. 3| Properties of printed metallic components. a | A single crystal'* of a nickel alloy,

CMSX-4, fabricated by powder bed fusion using an electron beam (top). The single
crystal shows superior creep property compared with a conventionally manufactured
part (bottom). b | Site-specific properties of a compositionally graded joint between a
nickel alloy, 800H, and a chromium—manganese steel*° fabricated by directed energy
deposition using a laser beam (DED-L). Upper plot shows the variation of chemical
composition along the build direction. Lower plot shows that the graded component
significantly reduces the depletion of carbon compared with that from the dissimilar
joint. ¢| Both improved strength and ductility can be achieved in a stainless steel part
fabricated by DED-L*. Scanning tunnelling electron microscopy micrographs show
atomic structures of the bunched nano-twins and twin boundary with a step. The twin
and matrix are shown in blue and yellow, respectively (top). The magnitude and the
direction of the lattice distortion (b: Burgers vector) is shown by the white arrow.

The stress—strain plots of additively manufactured components show superior strength
and ductility compared with the annealed wrought specimens (bottom). d | A composite
material consisting of Ti-6Al-4V and carbon nanotubes (CNT) fabricated by directed
energy deposition using a gas metal arc improves microstructure and mechanical
properties® (top). Scanning electron microscopy images show reduction of the a lath
length owing to the addition of carbon nanotubes. The addition of carbon nanotubes
improves the 0.2% proof stress, tensile strength and strain at failure (bottom). e | A columnar
to equiaxed transition (CET) and an improvement of toughness®® occur on addition of
zirconium nanoparticles to 7075 aluminium alloy (Al 7075) during powder bed fusion
with a laser heat source (PBF-L). As a consequence of zirconium addition, the grain
morphology changes from columnar (left) to equiaxed (right). The toughness improves
because of the formation of equiaxed grains (bottom). f| Optical micrographs show
changes in the direction of crystal growth depending on the scanning direction®” for
DED-L of Inconel 718. In the unidirectional scanning pattern, the growth direction of the
primary dendrites was at an angle of about 60° with the horizontal scanning direction
(top). If the laser beam is scanned in alternate directions in each layer, then the primary
dendrites grow in a zig-zag pattern (bottom). Both modelling (right) and experimental
(left) results are shown. AM, additive manufacturing. Panel a (top) adapted from REF.%,
CCBY 4.0. Panel a (bottom) adapted with permission from REF."*, Elsevier. Panel b (top)
adapted with permission from REF.*, Elsevier. Panel b (bottom) constructed with data
from REF., Panel c adapted with permission from REF**, Elsevier. Panel d adapted from
REF"!, Springer Nature Limited. Panel e adapted from REF, Springer Nature Limited.
Panel f adapted from REF*, Springer Nature Limited.

for smaller grain size. When added to Inconel 625, TiC
changes texture™ and significantly improves microhard-
ness, tensile and wear properties. Small and optimal
amounts of carbon nanotubes (0.25 wt%) increase both
strength and ductility owing to grain boundary pinning
and grain refinement”’.

Microstructural modification and grain refinement.
Addition of TiB, particulates to AlSi10Mg results in tex-
tureless fine grains (average size 2 pm) and cells (<1 pum)
with well-dispersed TiB, nanoparticles inside the grains
and rod-like nano-Si precipitates inside the cells. Both
the nano-Si and TiB, exhibited highly coherent inter-
faces because of sequential solidification®. Graphene
oxide in an aluminium matrix noticeably improved the
mechanical performance of the composite made by PBF-L
as a result of Al,C, nanorods formed in situ by the reac-
tion of Al and graphene oxide*. Addition of carbon
nanotubes to AlSi10Mg helped to achieve higher den-
sity® parts compared with parts without carbon nano-
tubes. TiB, in SS 316 reduced the size of the molten pool
and disrupted the directional properties®.

The addition of up to 0.1 wt% carbon in Ti-6Al-4V
improved tensile strength and ductility because of
the decrease in prior B grain size and o lath length®'. The
addition of carbon forms titanium carbide nanoparticles
that act as grain refiners. FIGURE 3d indicates the micro-
structures of Ti-6A1-4V alloy with (left microstructure)

and without (right microstructure) the addition of 0.1%
carbon. The resulting strengthening effect owing to the
refining of microstructures is also observed (FIC. 3d).
The amount of additives is determined experimentally
and more studies are needed to optimize the effects of
carbon addition on the microstructure and properties
of Ti-6Al1-4V. A review of the fabrication, mechanical
properties and defects in particle-reinforced nanocom-
posites made by selective laser melting indicates limited
wettability of the nanoparticle and the tendency of the
nanoparticles to agglomerate as important problems®.

Columnar to equiaxed transition

The structure of printed alloys is often dominated by
elongated columnar grains and strong texture®-* result-
ing in anisotropic properties, degradation of strength
and the formation of cracks in many alloys**”’. Equiaxed
grains with equal dimensions in all directions minimize
crack formation and improve properties™**’". From our
knowledge of welding and metal casting, there are two
approaches to promote columnar to equiaxed transition
(CET). The first approach relies on control of the pro-
cessing conditions and alloy composition to generate
favourable solidification conditions for equiaxed grain
formation. These conditions consist of a low value for
the temperature gradient to solidification rate ratio
(G/R ratio) at the liquid/solid interface, which is the param-
eter that controls undercooling through the well-
known constitutional supercooling mechanism®. The
second approach relies on the introduction of small parti-
cles into the feedstock to create nuclei for equiaxed grain
formation. These particles need to have low solubility
in the molten pool and are often composed of elements
with high melting points or non-metallic compounds.

Controlling the process parameters to promote a CET
requires understanding that there is a maximum value of
the G/R ratio for each alloy and there is no universal set
of parameters favourable for equiaxed grain formation.
In practice, adjustments of heat source power, scanning
speed, hatch spacing, layer thickness and scanning strat-
egy are useful to attain low G/R ratios that favour CET
for each alloy. For example, CET was achieved during
DED-L of Al-5Si-1Cu-Mg alloy by adjusting the layer
thickness®. However, creating process conditions for
producing low G/R ratios is challenging because the
temperature gradient and solidification rate cannot be
directly measured or independently controlled, and
changes in process parameters can result in defects’*".
Solidification maps are available for many common
alloys that can be helpful to achieve CET". The chemical
composition of the alloy can be further altered to restrain
the growth of the columnar grains®. These methods rely
on creating conditions that favour a wider range of G/R
ratios for CET to occur through constitutional super-
cooling during regrowth from the previously deposited
layers, rather than directly nucleating new grains ahead
of the liquid/solid interface.

The second method for achieving CET is the addition
of high melting point metallic or non-metallic nucle-
ating agents with carefully selected crystallographic pro-
perties®®“%73 In this approach, intentionally designed
low energy-barrier heterogeneous nucleating agents,
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often nano-particulate powders, are added to the feed-
stock material in small amounts, at quantities usually less
than 1% (REF). It is also important to generate signifi-
cant constitutional supercooling ahead of the solidifying
dendrite tip to create conditions for nucleating agents
to work, and the particles must be of appropriate size
and chemistry to survive in the molten pool. These con-
ditions require the composition, crystal structure, size
and physical properties of a given nucleating agent to be
considered in addition to its thermal surroundings in
the molten pool in order to produce CET. For example,
molybdenum, zirconium and La,O, were added during
DED-GMA of Ti-6Al-4V to form equiaxed grains®.
CET was achieved in PBF-L of AlSi10Mg alloy by add-
ing nano-TiB, (REF"%). A CET was observed by adding
a small amount of zirconium nanoparticles to 7075
aluminium alloy and the strength and ductility were
improved® (FIC. 3e). Control of solidification morphol-
ogy by adjusting parameters that affect the temperature
gradient and solidification rate as well as addition of a
suitable inoculant has worked for several alloys and AM
variants, but more work is needed to establish a database
for controlling microstructures.

There are other approaches for promoting CET. For
example, high-intensity ultrasound was used to achieve
CET for both Ti-6Al1-4V and Inconel 625 without requir-
ing any changes in the process parameters or the addi-
tion of grain refiners’. Ultrasonic irradiation agitated
the melt to produce a large number of nuclei in the alloy
during solidification”. However, the application of this
method requires modification of the printing equipment
to enable generation of high-intensity ultrasound.

Texture

Texture, the non-random distribution of crystallogra-
phic orientations of a polycrystalline material, affects the
properties of printed parts. These properties include
the elastic modulus”, yield and tensile strengths’, duc-
tility’®, fatigue resistance’’, corrosion behaviour’”,
creep™ and coefficient of thermal expansion. In metal
printing, the regrowth of grains from previous layers
is the source of columnar grains that grow epitaxially
from the existing grains and tend to align with them®.
This behaviour is modified by the size and shape of
the molten pool, which tends to preferentially align the
growing grains along the direction of local heat flow®'.
In PBE columnar grains typically form along the growth
direction®, whereas in DED the direction of grain
growth may deviate from the build direction®. The strik-
ing differences in the shape and size of the fusion zone in
the two processes are contributing factors. However,
in PBF and DED processes, texture is influenced by the
competitive growth of grains depending on the direction
of maximum heat flow as well as the preferred direction of
crystal growth?%372,

Texture creates anisotropic mechanical properties
in the part, and it can be modified by post-build heat
treatment®. During the building of parts, texture has
been adjusted by varying the scanning speed, layer
thickness, heat input, beam size and hatch spacing®-*°.
For example, texture of a cobalt-based alloy during laser
deposition”” was found to be affected by the scanning
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speed. The scanning strategy®"***, processing variables
and material systems™ also affect texture. Experimental
measurements of texture by electron backscatter dif-
fraction”, X-ray diffraction, ultrasonic evaluation’-*?
or neutron diffraction tend to be time consuming and
expensive”, so computational methods after rigorous
validation are emerging to predict texture from the
AM build parameters®. For example, the computed
solidification patterns and the optical micrographs of
the deposited Inconel 718 specimen for unidirectional
and bidirectional scanning show the directions of grain
growth (FIG. 37). Striking differences® in the computed
and the observed solidification textures owing to
changes in laser scanning pattern during AM are also
observed (FIC. 3f). The results show that modelling can
predict and customize solidification textures.

Common defects

Defects such as voids and lack of fusion®, cracking®,
residual stresses™, distortion” and surface roughness all
affect the properties and serviceability of parts. Voids
can form owing to lack of fusion”, keyhole instability”*
or gas-generated porosity”. If the laser or electron beam
heat source is too intense, keyhole formation can occur
with associated pores if the keyhole collapses due to
instability”. If the heat source is not intense enough, the
molten pool can be too shallow relative to the AM layer
thickness or too narrow relative to the track spacing,
resulting in a lack of fusion defects where insufficient
molten metal is present to fuse the feedstock into the
existing layer”. Porosity can occur whenever the feed-
stock or process conditions are such that oxygen, nitro-
gen, hydrogen or other gaseous elements are dissolved
into the molten pool and, later, nucleate pores as the
pool solidifies and gas solubility decreases'”’. The con-
taminant elements can come from external sources, such
as improper inert gas shielding'®, or from gases within
the powder or wire feedstock'®'. Post processing using
hot isostatic pressing may be performed to minimize
porosity and improve fatigue strength'*>-'%,

Cracks may form in AM parts during solidification
and cooling to room temperature and are similar to the
cracks that form during welding in crack-susceptible
microstructures®. Solidification cracking is affected by
the volumetric shrinkage of the molten pool depen-
ding on the alloy properties and liquid feeding in the
inter-dendritic region during solidification. Solid-
ification and liquation cracking occur in the fusion
zone and the partially melted zone, respectively, when
low melting-point phases create liquid films at grain
boundaries that are pulled apart by tensile stresses dur-
ing solidification®. The cracking sensitivity could be
evaluated through a criterion'”® considering the sepa-
ration of grains from each other, the lateral growth of
grains and the ease of liquid feeding between grains.

Residual stresses develop from a liquid-to-solid
change of state, thermal contraction and expansion, and
from the use of fixtures, support structures and other
forms of restraints’>'*. In addition, solid-state phase
transformations such as from austenite to ferrite in
steels can contribute to residual stresses'*. The stresses
themselves can be large enough to cause delamination
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between AM layers in low-ductility alloys such as
Ti-6Al-4V (REF'”), particularly if the part has other
defects such as porosity or lack of fusion defects that may
act as sites for stress concentration'”. Residual stresses
increase with the amount of restraint on the part being
built'” and tend to be lower for high heat inputs. As a
consequence, heat treatment over long times allows the
stresses to diminish. Distortion of AM parts depends
on residual stresses, restraints, part stiffness and heat
input®. Distortion can occur as the layer-by-layer part
is created, causing the part to deviate from its intended
geometry in a way that can be detrimental if precise
dimensions are required'".

Surface roughness and waviness are common in
AM parts. Post-build processing, such as machining,
grinding, chemical treatment or polishing, is often used
to achieve a smooth surface''"'"?. The source of surface
roughness depends on the sizes of the powder particles
and processing conditions, and the surface waviness
scales with the layer thickness''>'"*. Processes with high
deposition rates, such as DED''?, make parts with more
waviness than processes with low deposition rates, such
as PBF'"®. However, the surfaces of the parts fabricated
by PBF tend to be no smoother than the size of the
largest powder particles, because unfused particles are
observed near the solidified molten pools'*‘.

The scan strategy involves the remelting and sequen-
tial changes of the scan path direction coupled with the
selection of the laser power and scan speed to optimize
the reduction of porosity, lack of fusion, density, distor-
tion and processing time. These difficulties have been
shown to vary with the laser power, scan speed and hatch
spacing. Porosity is frequently observed at the start or
stop regions of a scan path or between the fusion zones
of adjacent scan paths'®.

To conclude, it is difficult to control attributes of the
printed parts by the selection of process parameters
and feedstocks. These difficulties originate largely from
the scarcity of quantitative frameworks that can cor-
relate processing conditions with product attributes.
Mechanistic models and machine learning address this
difficulty by reducing the ranges of AM process variables
to create parts with the desired attributes before parts are
built while at the same time minimizing development
times and costs.

Mechanistic models

Mechanistic models enable calculations of variables
such as temperature and velocity fields, cooling rates
and solidification parameters that are not easily meas-
ured during AM. These models provide a phenome-
nological description of how the microstructure and
properties of an AM part evolve from process variables
and the thermophysical properties of the feedstock.
However, mathematical representation of the process
and the product attributes is a challenging undertaking.
This complexity is addressed, almost always, by model-
ling the most important physical processes and ignor-
ing the less important processes. These assumptions
compromise fidelity, the extent of which is checked
by comparing model predictions with experimental
results. In addition, the task is often leveraged using the

experience of building models of fusion welding and
metallurgy.

Mechanistic models of AM are widely used to pre-
dict the relationships between process variables and the
attributes of parts. TABLE 2 summarizes some common
mechanistic models, and their features and applications
in metal printing. Many of the physical processes need
to be represented in multiple length scales, and in some
cases over varying timescales. Most of the simulations
require transient 3D temperature fields. Considerable
variation in the computational efficiency is achieved
depending on the physical processes considered and
the scale of calculations. When the calculations are per-
formed on the mesoscale, they are fairly rapid. However,
the same calculations in powder-scale models take
orders of magnitude more time'"”. Therefore, linking
of timescales and length scales is challenging and needs
further research. Here, we examine the progress made
and the opportunities and challenges in the mechanistic
modelling of metal printing.

Models of heat transfer and metal flow

Metal printing involves heating, melting, solidifica-
tion and solid-state phase transformations as well as
the evolution of fusion zone geometry, microstructure,
grain structure, defects, mechanical properties, residual
stresses and distortion. A quantitative understanding of
these physical processes and the attributes of the parts
starts with simulation of the transient temperature field
and the flow of liquid metal in the fusion zone. The heat
transfer and fluid flow calculations are typically based
on the equations of conservation of mass, momentum
and energy to obtain important variables such as the
temperature—time history, fusion zone geometry and
solidification growth rates''“~'*°. FIGURE 4a shows typical
examples of the temperature and velocity fields of the
molten pool during PBF-L, DED-L using powder and
DED-GMA using wire feedstocks'*’~'*>. The 3D tem-
perature distributions and geometries of the molten
pool and the feedstock materials can be captured by
the transport phenomena-based mesoscale models.
These models can simulate deposition of parts in mul-
tiple layers, with each layer containing multiple tracks
or hatches.

AM relies on the localized melting and solidification
of feedstock materials and, as a result, the shape and
size of the molten pool influence the microstructure
and properties of the printed parts. Apart from calcu-
lating the geometrical features of the part, these models
can calculate multiple thermal cycles experienced by the
deposited metal during the build process. These results
provide temperature-time data at various monitoring
locations'"® (FIC. 4b). The thermal cycles are necessary for
predicting microstructures. The experimental measur-
ement of such exhaustive temperature-time-space
data is challenging owing to the complex nature of
AM. However, temperature-time data in several loca-
tions, when available, are useful to test and calibrate the
models. The results obtained from the heat transfer and
fluid flow models enable a quantitative understanding
of the evolution of microstructure, grain structure and
assessment of printability'*>'*".
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Table 2 | Common mechanistic models for the simulation of metal printing

Model

Part scale heat
conduction model

Purpose

Calculation of
heat, mass and
momentum
transfer

Part scale heat transfer
and fluid flow

Part scale volume
of fluid and level
set methods

Powder-scale models

TTT-based?, CCT-based®
and JMA-based® models

Microstructure,
nucleation and
grain growth
prediction

Monte Carlo method

Cellular automata

Phase field model
Calculation of FEA-based?
residual stresses thermomechanical
and distortion models

Features

Fourier heat conduction equation is solved either analytically
in 1D or 2D or numerically in 3D

Does not consider the effects of molten metal flow inside the
pool and often provides inaccurate results

Solves 3D transient conservation equations of mass, momentum
and energy

Considers the effects of molten metal flow inside the pool
and therefore provides accurate temperature distribution and
deposit geometry

Tracks the free surface of the molten pool
Computationally intensive

Accumulates errors and the calculated deposit shape and size
often do not agree well with experiments

Involves free surface boundary conditions treating
thermodynamics, surface tension, phase transitions and wetting

Small timescale and length scale, computationally intensive
Lattice Boltzmann or arbitrary Lagrangian Eulerian
Based on phase transformation kinetics during cooling

Widely used for simulating phase transformations in steels and
common alloys

High computational efficiency

A probabilistic approach of grain orientation change
Provides grain size distribution with time

High computational efficiency

Simulates growth of grain and subgrain structure during
solidification

Medium accuracy and computational efficiency

Simulates microstructural features and properties by calculating
an order parameter based on free energy that represents the
state of the entire microstructure

Computationally intensive

Solves 3D constitutive equations considering elastic, plastic and
thermal behaviour

Many software packages exist, and these are easy to implement
and can handle intricate geometries

Adaptive grid and inherent strain method are often used to
increase calculation speed

Applications

Temperature fields'®*; fusion zone

geometry'®’; cooling rates'*’

Temperature and velocity
fields'"’; fusion zone geometry'’;
cooling rates'?’; solidification

parameters'”; lack of fusion'”!

191.

3D deposit geometry'’;
temperature and velocity
fields'’; cooling rates'";

solidification parameters*®

Temperature and velocity

fields"’; track geometry'®;
lack of fusion'**; spatter’**;

surface roughness*”*

Solid-state phase transformation
kinetics'®

Grain growth®’; solidification
structure”®; texture*

Solidification structure'®;

grain growth'”’; texture'”’

Nucleation'*; grain growth*;
evolution of phases'*; precipitate
formation'®’; solid-state phase

transformation'*’

Evolution of residual stress”*’;
strains'*®; distortion’®’;

delamination'®; warping'®

CCT, continuous cooling transformation; FEA, finite element analysis; JMA, Johnson-Mehl-Avrami; TTT, time-temperature—transformation. “TTT diagrams provide
the effects of time and temperature on microstructure development of an alloy at constant temperature. "CCT diagrams indicate the phase changes during
cooling. “The JMA equation provides the extent of phase transformations with time. 9FEA is a numerical method to solve complex non-linear equations.

Simulation of microstructure evolution

Modelling of phase fractions of various constituents in
the microstructure helps to understand the properties of
printed parts both before and after their post-build heat
treatment. Each heat-treatable alloy undergoes unique
phase transformations during heating and cooling. As a
result, modelling of microstructures is alloy-specific
and represents the various pathways for each phase
transformation involved in the evolution of micro-
structure'®. There is a rich literature of microstructure
calculations in multipass fusion welding where metallic
materials are subjected to multiple thermal cycles, just
like in AM processes'. In these systems and AM, reliable
microstructure calculations have been achieved using
detailed kinetic information'* manifested in continuous
cooling transformation diagrams and relations of phase

fractions with time, such as the Johnson-Mehl-Avrami
equation.

Simulations of phase transformations and the scale
of microstructural features have been attempted con-
sidering the thermal history and alloy composition'*'**.
Microstructure calculations using the Johnson-Mehl-
Avrami equation have been useful for PBE-L of the
Ti-6Al-4V alloy'”’, and continuous cooling transforma-
tion diagrams have been used'*’ to understand micro-
structure evolution during DED-L of Ti-6Al-4V and
for simulating precipitation kinetics during DED-L of
Inconel 718 (REF'?). Although these calculations pro-
vide reliable results of phase fractions, they do not provide
morphological information. Phase field simulations
are used to resolve microstructural features in small
length scales'*. For example, phase field simulations
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< Fig. 4| Results from various types of mechanistic models for metal printing.

a| Temperature and velocity fields in the molten pool of SS 316 stainless steel using
continuum mechanics'*** for powder bed fusion with a laser (PBF-L), directed energy
deposition with a laser (DED-L) and directed energy deposition with a gas metal arc
(DED-GMA). The shape and size of the molten pool vary significantly for the different
processes because of differences in process variables such as the power of the heat
source and scanning speed. b | Plot of temperature as a function of time at a monitoring
location showing multiple thermal cycles in different layers during DED-L of SS 316
(REF.**¥) (left). Phase field simulation of dendritic growth for gas tungsten arc welding of
2A14 aluminium alloy (REF."*) shows qualitative agreement between the experimentally
observed microstructure on the left and the theoretically calculated microstructure on
the right (middle). Phase field simulations of microstructure evolution electron beam
additive manufacturing of Ti-6Al-4V (REF.**") showing temporal growth of beta phase
columnar grains (right). ¢ | The influence of nuclei density, N, on the morphologies of
grains during PBF-L of SS 304 stainless steel shows that columnar to equiaxed transition
is favoured at high nuclei density (left)'””. Monte Carlo simulation of grain growth during
gas tungsten arc welding of 1050A aluminium alloy shows that columnar grains may
appear equiaxed at certain cross-sections because of the curvature of the columnar
grains (right)?°. d | Thermomechanical modelling of longitudinal residual stress and
distortion in SS 316 parts made by PBF-L, DED-L and DED-GMA showing lower residual
stress for PBF-L'”. e | Powder-scale modelling of defect formation such as voids in PBF-L
of Ti-6Al-4V. The shape and size of voids and their spatial distributions depend on the
temperature field, molten pool geometry and powder size (left). Inappropriate selection
of the power density of the laser beam causes porosity during keyhole-mode PBF-L of
SS 316, which is simulated using a powder-scale model (right)’*”. Panel a (middle) adapted
with permission from REF.'””, Elsevier. Panel a (right) adapted with permission from REF.',
Elsevier. Panel b (left) adapted with permission from REF.**%, AIP. Panel b (middle) adapted
with permission from REF.'*, Elsevier. Panel b (right) adapted from REF.**', Springer Nature
Limited. Panel c (left) adapted with permission from REF.'?/, Elsevier. Panel c (right)
adapted with permission from REF.*°, Elsevier. Panel d adapted from REF.** copyright ©
Institute of Materials, Minerals and Mining, adapted by permission of Informa UK
Limited, trading as Taylor & Francis Group. Panel e (right) adapted from REF.**,
Springer Nature Limited.

of microstructure evolution'* in an aluminium alloy

show dendritic growth (FIC. 4b). Phase field simulations
have also been applied for microstructure calculations
in nickel-based superalloys'*. Solid-state phase trans-
formation from a beta phase to a basket-weave alpha
phase that occurs during DED-L of Ti-6Al-4V (REF.'*)
has been investigated using a phase field model with
temperatures computed from a powder-scale model.
In these models, it is challenging to represent physi-
cal processes such as nucleation, heating and cooling
considering fluid flow in 3D, and the specification of
energy density fields especially at boundaries. Lack
of quantitative comparisons of the evolution of phase
fractions with experimental data and the computation-
ally intensive nature of the 3D calculations at length scales
comparable with the dimensions of the part add to the
difficulties.

Calculation of grain structure evolution

The morphology, dimension and orientation of the
grains affect the mechanical and chemical properties
of parts. The spatial variations of grain size and mor-
phology can be observed through serial sections along
different directions. However, the procedure is time
consuming. Also, depending on the plane selected,
columnar grains may appear to be equiaxed grains in
some sections. Models of grain growth based on Monte
Carlo simulations or cellular automata have been used
to understand the grain structure of printed parts.
These models®*®>'**'*7 can simulate the transition of
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different grain morphologies such as columnar to equi-
axed grains, the variation of grain growth directions
under location-dependent solidification conditions®
and the solid-state grain growth under multiple ther-
mal cycles®. The computed influence of nuclei density
on the grain morphology shows that the quantities of
equiaxed grains increase with the nuclei density and
CET was observed where the nuclei density was large'”
(FIG. 4c, left).

The 3D grain growth model can uncover the evolu-
tion of grain structure and provide information about
the morphology, dimension and orientation of the grains
and texture’®®*'””. These calculations require 3D tran-
sient temperature fields, fusion zone geometries, local
temperature gradients and solidification growth rates at
various locations, all of which can be obtained from heat
and fluid flow modelling. Grains grow epitaxially from
the partially melted grains and follow the maximum heat
flow directions at the solidification front’**’. Modelling
of grain structure in 3D is important because columnar
grains may appear equiaxed in certain cross-sections**®
(FIC. 4c, right).

Modelling residual stress and distortion

Experimental determination of the evolution of stresses
and distortion is challenging' but thermomechanical
models®'* are widely used. These models are compu-
tationally intensive and are mostly based on heat con-
duction models that ignore liquid metal flow, which is
typically the main mechanism for heat transfer within the
molten pool. More accurate calculations that consider
convective heat transfer are emerging with improve-
ments in computational software and hardware. The dis-
tributions of residual stresses and strain along the laser
scanning route vary significantly during PBF-L, DED-L
and DED-GMA'” (FIC. 4d). These calculations consider
convective heat transfer and reveal that PBF-L shows
minimum residual stresses and distortion because of the
small size of the molten pool and the low deposition rate.
Where computationally intensive calculations are not
practical, back of the envelope analytical calculations'’
provide a means to mitigate distortion.

Models of defect formation

In mesoscale modelling, small-scale features such as
surface roughness are not simulated. Powder-scale mod-
els are suitable for resolving these issues, because these
models typically simulate 1 mm? or smaller volumes
with a mesh size down to 1-2 pm'*’. The time step is
often restricted to a few nanoseconds to maintain com-
putation convergence at small grid spacing and high
velocities of liquid metal flow'*’. Thus, these models
can take a day or more, in multiprocessor computers,
to simulate very small domains'"'. Void formation due to
keyhole instability can be simulated by a powder-scale
model (FIC. 4e).

Mechanistic models for the formation of various
defects, such as porosity, loss of alloying elements and
cracking, are emerging. Pores may form owing to lack
of fusion during PBF and DED in commonly used AM
alloys''. Keyhole induced pores were also simulated at
high energy intensities capturing the unstable nature
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ofkeyhole walls'*>'**. Another important issue is the loss of

alloying elements during the high temperature dep-
osition. The selective loss of volatile alloying ele-
ments may result in a significant difference between
the chemical composition of the feedstock and the
deposit'**'*". The change in composition also affects
the microstructure and properties of the deposit.

The successful printing of many alloys is hindered
by the cracking susceptibility’ associated with the
melting and solidification processes. Massive cracking
often occurs at the boundaries of the columnar grains.
Alternating the grain morphology from columnar
to equiaxed can suppress the formation of solidifica-
tion cracking and thus improve the printability of the
alloy. Several approaches related to the metallurgy of
CET are discussed above in ‘Columnar to equiaxed
transition’. All of these approaches need quantitative
evaluations of the solidification conditions with
appropriate transport phenomena and grain structure
evolution models.

Estimation of printability

Printability is evaluated by examining susceptibilities of
parts to common defects such as distortion, composition
change, lack of fusion and cracking'**'**. Comprehensive
and reduced order models are available to undertake
this task. A theoretical scaling analysis has been used
to test the vulnerability of alloys to thermal distortion.
Susceptibilities of alloys to lack of fusion defects has
been calculated using numerical heat transfer and fluid
flow calculations. A model-based printability database
after experimental validation can reduce trial and error
testing and expedite qualification of parts, and thus save
time and money for the printing of new alloys.

At present, only a handful of commercial alloys
can be easily printed, and the design of alloys specifi-
cally for AM is just beginning. An important goal is to
improve the printability of alloys by making alloys less
susceptible to common defects. For example, DED-L
parts made from powders of Cr-Mo-V tool steel and
a maraging steel exhibited superior mechanical proper-
ties to those from the individual steels'*!. Powder blends
of titanium and chromium have been printed using
DED-L to achieve good strength and ductility'*. Silicon
has been added to 2024, 6061 and 7075 aluminium
alloys to reduce cracking arising from higher fluidity,
decreased melting range, thermal expansion and solid-
ification shrinkage'*’. Addition of rare earth elements
such as scandium or zirconium to aluminium alloys
resulted in fine precipitates of Al,Zr or Al,Sc that acted
as inoculants for the grain refinement and prevention of
cracking'*. A new nickel-based Hastelloy was designed
to prevent cracking during PBF-L”.

Mechanistic models are powerful simulation tools
that provide otherwise unobtainable insight'’. However,
these calculations require an understanding of underly-
ing physical mechanisms that are not always available.
In addition, mechanistic models are often complex and
require significant computational resources and user
skills. In contrast, machine learning requires less pro-
gramming and modelling skills and, as a result, is being
widely applied.

Machine learning in metal printing

Machine learning enables computers to make reliable
predictions'*'** by learning from data gathered from
various sources. Useful information and relationships
are extracted from data without phenomenological
guidance or explicit programming. The accuracy of
the predictions improves with the quality and volume
of data. The availability of powerful open source pro-
grams facilitates their use for solving complex problems
in metal printing that may appear intractable at first.
Here, we examine the need for machine learning in
metal printing, outline the availability of open source
algorithms and codes, and discuss their effective use and
impact in metal printing.

Reasons to use machine learning

Building high-quality parts by trial and error adjust-
ment of multiple process variables is neither rapid nor
cost-effective. As a result, machine learning'*~'** has
been widely used in all steps of metal printing (FIC. 2).
Evolution of the microstructure, properties and defects
in metal printing depends on multiple simultaneously
occurring physical processes. Therefore, unified, pheno-
menological predictions of the product attributes are
not available. Machine learning can serve as a tool to
predict the microstructure, properties and defects.
It does not require the solution of complex equations based
on phenomenological understanding and, as a result,
the calculations are rapid'®. In addition, the hierarchy
of the input variables and their sensitivity on the out-
put can be determined'*. Finally, machine learning
programs are easy to build owing to the availability of
well-tested, easy to use and reliable algorithms.

Wide availability of resources

The application of machine learning in AM has been
facilitated by machine learning models and open source
programs (TABLE 3). Models for classification such as
the decision tree, random forest and k-nearest neigh-
bour are useful for data-classifying problems, such as
the ‘detected’ or ‘not-detected” pores in printed parts.
These models are also used for decision-making.
Regression-based models such as artificial neural net-
works, Bayesian networks and support vector machines
are used to correlate the inputs and outputs based on a
function and can predict the values of the output varia-
bles for a set of input parameters. Open source programs
such as Weka, Scikit learning, TensorFlow, Keras and
Theano can be easily used because they are accompa-
nied by extensive manuals and test cases. In the next sec-
tion, we examine the applications of machine learning
in various phases of building metallic parts to improve
product quality.

Applications in metal printing

The adoption of machine learning in metal printing
has been driven by the need to manage process com-
plexity and the availability of powerful open source
codes. Recent applications range from process planning
to parameter optimization, sensing and control, and
result in improved fusion zone attributes, tailored micro-
structures and defect mitigation (FIG. 5). These examples
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Table 3 | Machine learning models, open source computer programs and their applications in metal printing

Machine learning

Machine
learning
models

Open source
computer
programs

Artificial neural

networks

Decision tree

Support vector Used for classification and regression, the model can

machines split data into groups based on their locations in feature
space; the features of the data fully determine their
locations and there is no stochastic element involved

Bayesian A statistical model that represents the probabilistic

networks relation between cause and effect; the conditional

or Bayesian probabilities are computed using Bayes’ theorem

classifiers

k-nearest Separates data into different classes based on the

neighbour attributes or the class of the majority of the nearest

Random forest

Weka

Scikit learning

TensorFlow

Keras

Theano

Description and features

Layers of hidden nodes connect input and output
variables; an activation function is used to connect
nodes with each other; errors in predictions are
minimized by adjusting weights for each connection

Progressively classifies a group of variables based on

rules and displays them as an upside-down tree; the root

of the tree often displays the most important variable
and the apex shows the least important variable

neighbours; the number of nearest neighbours, k, is
selected by trial and error

Consists of multiple decision trees, each with a
classification; the forest gets a classification from the

attributes of the greatest number of trees; for regression,

the model considers the average of the outputs of
different trees

Written in Java; used for classification, clustering,
regression and visualization; available from https://
www.cs.waikato.ac.nz/ml/weka/citing.html

(online course available)

Written in Python, Cython, C and C++; used for
classification, clustering and regression; available
from https://scikit-learn.org/stable/

Written in Python, C++ and CUDA,; used for neural
network and data flow programming; available from
https://www.tensorflow.org/

Cross-platform neural network library written
in Python; runs on multiple platforms; available from
https://keras.io/

Written in Python; Windows, Linux and Mac operating
systems; available from http://www.deeplearning.net/
software/theano

illustrate the important role of machine learning in
metal printing, either alone or in combination with
mechanistic models.

Process parameter optimization. The selection of process
parameters is the most important factor in controlling
the quality of the part. Machine learning is a fast and
reliable way to predict and optimize process conditions
to achieve the desired attributes of a part (FIG. 5a). For
example, neural networks for DED-GMA predicted the
wire-feed rate, scanning speed, arc voltage and nozzle-
to-plate distance to achieve the required width and
height of the part'****". A random forest algorithm was
used to optimize process parameters to print good qual-
ity Inconel 718 parts using PBF-L"*. Neural networks
were used to predict translational and rotational speeds
of the powder-spreading roller to minimize surface
roughness'”. A thermodynamic model was augmented

Applications in metal printing

Defect recognition’’’; geometry prediction'®’;

thermal deformation compensation’”; process
parameter optimization’”; anomaly detection*’*;
quality monitoring’****’; topology optimization”’’

Surface roughness reduction’”; porosity

prediction'’?; dimensional variation*”; printing speed
modelling’'’; design considering residual stresses and

support requirement”!!

Defect detection’’; real-time composition

monitoring”?; surface roughness'*’; tensile strength
prediction’*; construction of process maps'®’;

monitoring temperature field*"

Quality inspection”'®; fault diagnosis*"’; thermal field
prediction”'®; porosity prediction’'’; optimization

of process parameters””’; prediction of fusion zone

depth?”!
Quality monitoring™*; printing speed monitoring”'’;
porosity prediction'’’; dimensional variation’"’;

design of metamaterials’”*
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Surface roughness determination’”; tensile strength

prediction’*; reducing macro porosity and cracks’*’;

printing speed monitoring®’; minimize porosity

by optimizing parameters’*®

Image classification-based defect detection***;

energy consumption in additive manufacturing’”’;

data classification**®; fault diagnosis**’; porosity

reduction’”’

Printing speed modelling’'; dimensional accuracy’**;

temperature profile prediction’’’; relation between

several microstructures’*’; process monitoring'®’;
grain structure simulation”*

Dimensional accuracy’”; defect detection”*;

mechanical behaviour of structures’*; online

150.

monitoring of part quality**’; molten poolimages**

Distortion prediction”**; thermal history prediction”**;

dimensional accuracy’”; quality monitoring”*’

Defect detection”*%; prediction of part weight and

building time”**

with machine learning to identify process conditions
to avoid the formation of a brittle intermetallic sigma
phase during DED-L of a graded component between SS
316L and pure chromium™. Regression-based machine
learning'® was used to examine the influence of the feed
rate, hatch spacing, laser power and powder feed rate of
DED-L on the surface properties. The aforementioned
applications of machine learning to build parts of several
alloys using multiple AM variants indicate its ability to
optimize process parameters based on data. The optimi-
zation of process parameters is improved as more data
are accumulated with time.

Sensing and process control. Machine learning can be
used to monitor and control metal printing, and, hence,
to mitigate defect formation and improve dimen-
sional accuracy. For example, in situ photographs of
a part taken by a camera can be compared with the
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Parameter optimization using machine learning
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< Fig. 5| Applications of machine learning in metal printing. a | Schematic diagram

showing the optimization of process parameters to obtain a desired attribute of a part,
such as the deposit width, which depends on many process variables (variables 1-4).

In machine learning, process variables are sometimes combined into fewer machine
learning variables (machine learning variables 1 and 2) that can be obtained from the
available data. These variables can be used to train a machine learning program to
classify data (for example, greater than a specified width) or quantitatively correlate
variables in the data with a target attribute (for example, deposit width). b | Optical
images from each layer of a Ti-6Al-4V part is compared with the computer-aided design
(CAD) file to identify regions of interest in the image that may include flaws during
powder bed fusion using a laser heat source (PBF-L). These regions are split into subregions
with spatial patterns in the image that are then fed into a neural network to identify
flaws with good accuracy'". ¢ | Track widths for different powers and speeds are measured
using a high-speed camera and the data are used to train a neural network for the PBF-L
of stainless steel 316 (left). The width predicted by the neural network agrees with

the experimental data'® (right). d | The grain growth results (left) from a computationally
intensive Monte Carlo model provide grain size versus frequency data in two orthogonal
directions (middle), longitudinal and transverse, that are used to train a neural network
that could then rapidly calculate grain growth during directed energy deposition using a
laser heat source (DED-L) (right)'”". e | Temperature data near the fusion zone are measured
by aninfrared camera during DED-L of Ti-6Al-4V (left) and are correlated with the
occurrence of porosity using a support vector machine (middle) that can predict porosity
from the process variables'’*. CPU, central processing unit. Panel a (printing machine)
adapted with permission from REF.’, Elsevier. Panel b adapted with permission from REF.'%’,
ASME. Panel c adapted with permission from REF.*°, Wiley. Panel d adapted from REF.*",
Springer Nature Limited. Panel e adapted with permission from REF.’?, Elsevier.

computer-aided design to detect regions of interest
that may contain flaws in a layer. These regions can be
subdivided into several subregions with complex spa-
tial patterns in the images that can be used to train a
neural network to detect flaws in real time with good
accuracy'® (FIG. 5b). Three examples demonstrate vari-
ous sensing and control methods. First, data on powder
characteristics obtained using computer vision algo-
rithms are used to train a support vector machine for
process control'®”. Second, a process monitoring system
augmented with a multilayer classifier'*® can provide
control strategies for minimizing defect formation in
PBF-L, based on data provided by identical machines
producing the same part. Last, data from an optical sen-
sor were analysed'** using a support vector machine to
detect defects during DED-L. These examples show the
viability of in situ monitoring and control of the printing
process with minimum human intervention.

Control of part geometry. Part geometry can devi-
ate from the design specifications owing to instability
in the printing process, and thermal distortion, and
the deviation may result in part rejection in extreme
cases>*”**%1%, Machine learning is often used to control
part geometry during the printing process. For exam-
ple, deposit widths measured using a high-speed camera
during PBF-L of SS 316 for different laser powers and
scanning speeds were used to train a neural network'®
(FIG. 5¢, left). In another case, the neural network pre-
dicted the track width for a given scanning speed and
laser power, which agreed well with the experimental
results (FIC. 5¢, right).

Neural network-based machine learning was used
to control the deposit width and height, and the fusion
zone depth, during DED-L of an aluminium alloy'®".
In addition, molten pool depth in PBF-L was controlled
by optimizing laser power, scanning speed, spot size
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and absorptivity using a decision tree'®. Furthermore,
shape deviations were captured during the process
and analysed using a neural network to achieve better
geometric tolerance of AM parts'®. These examples
demonstrate the improved compliance with the geomet-
ric specifications of the design ultimately facilitating part
qualification.

Tailoring microstructure and properties. Microstructural
features such as grain size, distribution and orientation
as well as properties such as tensile strength, hardness
and fatigue life were used to develop machine learning
algorithms that could rapidly compute processing con-
ditions to achieve the desired microstructure and pro-
perties'”’. Input data for the training of machine learning
can be generated from calibrated mechanistic models.
For example, the results of frequency as a function of
grain size computed using a 3D Monte Carlo model can
be used to train a neural network (FIG. 5d). This neural
network could rapidly predict grain growth, which
matched well with the predictions from the computa-
tionally intensive Monte Carlo method'”" (FIG. 5d). A pro-
cess model for PBF-EB supported by a neural network
and a genetic algorithm predicted yield strength to aid
in understanding the processing structure-property
relationship for PBF process'’>. Although progress has
been made in quantifying microstructural features using
machine learning, the applications of machine learning
to control microstructure and properties during metal
printing remain in their initial stages of development.

Reducing defects. Machine learning has been used
to minimize defects such as porosity, lack of fusion,
distortion and surface roughness in parts. For exam-
ple, machine learning has minimized the porosity in
Ti-6Al-4V parts printed using DED-L'” (FIG. 5¢). More
specifically, an infrared camera monitors the temper-
ature field during the DED-L process, from which a
molten pool boundary is extracted by tracking the
solidus temperature contour. From the data, a support
vector machine is developed that classifies the process
conditions into two categories, normal and abnor-
mal, based on the probability of porosity formation.
When experiments were performed using the condi-
tions for porosity formation, defects were found in the
part (FIG. Se). In another example, the anomalies in pow-
der spreading by a recoater (a blade that spreads powder
during PBF-L) were detected by a computer vision sys-
tem'”". Imperfections of the powder bed resulting from
recoater streaking and hopping were correlated with part
defects using a neural network. In other studies, auto-
mated image analysis has been used to detect anomalies
during the powder spreading of PBF-L to identify defects
using machine learning'”. Machine learning provides an
excellent framework for the reduction of surface defects,
the origin of which are not always known.

Other applications. Apart from the various stages of
building parts, machine learning has other uses in metal
printing, including powder characterization, part fail-
ure and in situ part inspection. For example, a support
vector machine trained using the data from computer
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vision was used to quantify powder characteristics'®.

Machine learning has been used to predict equipment
failure and proactively anticipate and print replacement
parts before the actual failure'”. In essence, the machine
learning platform is trained with high-resolution
camera imaging and computed tomography scan data,
and can eventually ‘learn’ to predict problems and detect
defects in the printing process'”’. Computer vision
technology and machine learning are already used in
industry to perform an inspection of parts and identify
microscopic cracks in the printed parts to save time
and money'”’.

Effective use and impact

The selection of algorithms and the quality and volume
of data affect the accuracy, reliability and speed of the
solutions'®’. For example, a data-classifying problem
such as the ‘detected’ or ‘not-detected’ pores in printed
metal parts is best addressed by an attribute-based clas-
sifier algorithm, such as random forest or decision tree,
rather than a regression-based neural network'*. The
machine learning literature'*’” guides the selection of
algorithms for different classes of problems.

The common issues of data quality, features, imbal-
ance and scarcity can be addressed using data improve-
ments available in the literature'*’. Not all variables
in metal printing influence the part attributes equally
and the selection of input data is important'’. Besides,
the available data need to be checked for reproducibil-
ity and errors. The scarcity of data for the algorithms
is a common problem'" in AM and data augmentation
techniques can artificially increase the volume of data'*.
However, duplication of a biased data set for a classifi-
cation problem may lead to poor accuracy of a neural
network owing to overfitting'*’. Some algorithms such
as support vector machines'” can be effective for small
data sets.

The impact of machine learning may be further
enhanced by the capabilities of other digital tools, such
as mechanistic models. For example, the simultane-
ous application of a mechanistic model and machine
learning in AM has been used in the related field of
welding'’®. Peak temperatures, cooling rates, solidi-
fication parameters and other results obtained from
validated mechanistic models can serve as a source of
valuable data for machine learning. In dealing with the
scarcity of data, mechanistic models can provide certain
features of data or, in some cases, add to the volume of
data to increase efficiency and reliability of machine
learning. Such hybrid models may have new capabilities
beyond improving speed and accuracy.

Research needs

The printing of metallic parts with advanced properties
and functionality has attracted considerable interest
in diverse industries. However, AM faces considerable
scientific, technological and commercial challenges>'”.
These challenges include the difficulties in controlling
microstructure, properties and defects, as well as a
lack of standards, a slow rate of printing, scarcity of
feedstock materials for many commercial alloys and
cost-competitiveness>'"'”.

The scientific challenges originate, to a large extent,
from the diverse heat input and cooling rates and the
complex thermal cycles that affect the microstructure,
properties and defects'. The microstructure—property-
performance relationships of many alloys are currently
being investigated. However, the high dislocation den-
sity, segregation of alloying elements, elongated grains
and fine microstructural features are complicating fac-
tors for the control of microstructure and properties of
printed parts. Better understanding of the mechanisms
for the simultaneous improvements of multiple proper-
ties such as strength and ductility’’*' would enrich sci-
entific understanding of AM and metallurgy. A unified
approach for the control of solidification morphology
and texture based on mechanistic models and machine
learning would accelerate our understanding of texture’.
Improved theoretical and experimental control of mor-
phology would also benefit the repair of single-crystal
turbine blades'”. Advanced computational frameworks
for the control of defects such as lack of fusion, residual
stresses and distortion will help to reduce defects in parts
to the levels seen in wrought metal®'*.

Standards are being developed to assist in materials
and part qualification. Currently, parts are qualified by
trial and error building and testing of parts”. Predictions
of solidification structure, grain growth and solid-state
phase transformations using mechanistic models before
printing will be useful to select the parameter space for
testing and greatly reduce the time and effort needed
for qualification. Similarly, developing high-fidelity
mechanistic models can be helpful for minimizing dis-
tortions and residual stresses prior to building. Models
oflack of fusion defects are currently being developed to
avoid conditions for their formation. Multiscale models
balancing the spatial and temporal resolutions and
computational efficiencies are needed"’.

Machine learning enables the improvement of the
quality of printed parts by supporting almost every
step of metal printing, ranging from product design
to process planning to process monitoring and con-
trol**~"** (FIG. 2). The research needs for machine learn-
ing include the classification and analysis of quality
data sets to generate training, validation and testing
sets and the identification of appropriate algorithms'®'.
The large data set generated for different combinations
of AM variants, process parameters and alloys is diffi-
cult to analyse, interpret and classify to train and test
the machine learning algorithms'*"'**, Advanced dig-
ital tools and algorithms are needed for data analysis
and successful implementation of machine learning
in AM.

The implementation of mechanistic models and
machine learning in conventional processing is often
undertaken'® using a digital twin. A digital twin of AM
can build and test a virtual part prior to building the
physical one, thus making decisions based on scientific
principles and data for achieving high-quality parts. The
utility of digital twins is well established'® but they are
not yet generally available for AM. Significant research
and development are required”'* to construct or modify
the building blocks of a digital twin and test them for
various combinations of alloys and AM processes.
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Outlook

The recent growth in sales of commercial AM equip-
ment, the number of patents granted globally and
the market revenue all point to the expansion of AM
in the foreseeable future">'"'”. The growth of AM in
niche applications aided by large corporations will
undoubtedly continue because of the advantages of
metal printing over conventional processing. However,
the value of all 3D printed products is now only about
US$7.3 billion, which is insignificant in comparison
with the estimated value of US$13 trillion for the global
manufacturing industry'®’. Significant expansion of
AM — more specifically, the printing of many more
commercial alloys by enterprises of all sizes — will
depend on our ability to overcome the bottlenecks
within AM?.

The recent literature on AM points to three unmis-
takable trends. First, the method adapted to solve many
of the problems faced by AM will not follow the path
by which technologies matured in the past’. The grow-
ing applications of mechanistic models and machine
learning to select process parameters will improve part
quality, lower cost and reduce the volume of trial and
error experiments for qualifying parts. Second, the
layer-by-layer printing of metals, sometimes with lay-
ers thinner than a human hair, is uncovering puzzling
scientific issues related to microstructure and proper-
ties’. Multidisciplinary research to solve these problems
is already advancing the practice of AM and contri-
buting to the science of metallurgy’. Last, 3D printing
is improving conventional manufacturing. 3D printed
injection moulds with intricate internal cooling chan-
nels are reducing cooling times and improving pro-
ductivity and part quality; printed milling machine
tools and heads are extending tool life; 3D printing is
enabling low-cost repair of machine tools; and parts
are additively made and machined in one operation by
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hybrid CNC (computer numerical control) machines
with 3D printing capability. Thus, the contributions of
metallurgy, mechanistic models and machine learning
to metal printing are permeating into conventional
manufacturing.

In the future, it is likely that metal printing hardware
will include appropriate electronics to embody and use
the printability database'*>'** to its advantage. Here, a
printability database can be used to avoid problems such
as solidification cracking of parts and other defects that
are persistent problems in AM. For example, a smart
AM machine can perform preheating of a powder bed
to avoid part cracking' in some alloys under certain AM
conditions. The machine may also progressively update
process—microstructure—property relations with experi-
ence. Selected mechanistic models can provide guidance
to select AM parameters to minimize porosity resulting
from keyhole instability' and to reduce lack of fusion
defects'® owing to insufficient overlap of adjacent scan
paths. Integrating machine learning algorithms with
the hardware will help to control part geometry and
make in situ adjustment of process variables to cor-
rect part shape and reduce defects. Such systems will
collect and use data, control the building process and
routinely produce reliable parts at low cost with mini-
mal human intervention. The scientific, technological
and economic challenges faced by metal printing’ will
be addressed by advances in software and hardware to
facilitate mechanistic models and machine learning,
and will continuously improve printability database and
microstructure-property correlations. These advance-
ments will require worldwide availability of a multidis-
ciplined and technologically orientated workforce to
integrate these separate fields of expertise into new metal
printing systems>>''.
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