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Abstract: Grain refinement of cast alloys, especially aluminum–silicon and magnesium-based alloys,
is an effective approach to improve the strength of alloys. Grain size is the most representative
parameter used to characterize grain refinement in the industry, thereby attracting increasing attention
for developing accurate grain size prediction models. In this paper, several important grain size
prediction models under different adaptation conditions are reviewed. These models are obtained
either by regression of experimental data or by physical/mathematical inference under certain
assumptions of specified cases, focusing on the effects of alloy composition, solidification temperature
gradient, grain growth rate, and fining agent composition, among others. The trends of grain size
prediction models were also discussed. The results revealed machine learning as an effective tool to
establish a data-driven prediction model of grain size in cast aluminum alloys.

Keywords: grain size; prediction model; alloy composition; aluminum alloys

1. Introduction

The development of lightweight alloys is important to save energy and reduce emis-
sions [1]. Aluminum is an important metal in the industry with total consumption coming
just after that of steel due to its abundant resources [2]. Aluminum is widely used in
various fields, such as transportation, construction, aviation, aerospace, navigation, and
medical. Magnesium is one of the lightest engineering metal raw materials, with high
specific stiffness, good damping and cutting, easy to recycle and other advantages. Mag-
nesium has been widely used in electronic communications, automotive transportation,
military and other industrial fields. Therefore, the performance requirements for aluminum
and magnesium alloys have become increasingly stringent. Meanwhile, the processing
technology of alloys is also upgrading with the development of related industries [3–5].
For industrial production, grain refinement is economical since it can greatly improve the
strength of aluminum and its alloys, reduce casting defects, such as porosity, and increase
the quality of wrought alloys. Thus, the grain refinement of alloys has become an active
research topic in the past couple of decades [6].

According to the metal solidification nucleation theory, currently available grain
refinement techniques of alloys can be divided into two basic approaches [7,8]. The
endogenous nucleation method is based on the thermal-mechanical treatment of solid
Al alloys, leading to an increased number of effective spontaneous nucleation or inhibition
of grain size growth to achieve grain refinement. The other approach is based on the
external nucleation particle method used to achieve grain refinement during the casting
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process by adding metal grain refiners to metal melting to obtain enough heterogeneous
nuclei during solidification. Compared to endogenous nucleation, the heterogeneous
nucleation method has become the most common and economical route for the production
of aluminum due to its simple processing and the fact that it does not require special
equipment and has a better refinement effect [7,8], such the superheating method, the
Elfinal process [9] and carbon inoculation [10]. On the other hand, the development of
highly accurate and realistic grain size prediction models is highly desirable to solve the
shortcomings of the grain size refinement method that is mostly used in the industry [11].

Various specific grain size prediction models have been developed to date under differ-
ent adaptation conditions. The models have mainly been based on two types: (i) empirical
models obtained by the experimental data regression and (ii) theoretical models developed
by physical or mathematical inference under certain conditions and assumptions.

In this article, the empirical and theoretical models used for grain size prediction are
reviewed, including the solute elements, solidification temperature gradient, grain growth
rate, and potent nucleant effects on grain refinement, as well as different grain refining
theories and models. With the rapid development of computational materials science,
machine learning (ML) has emerged as a new method to predict material parameters based
on local theoretical research and an experimental dataset [12]. Researchers have achieved
good results in predicting material properties by machine learning, such as predicting the
fatigue strength of steel, the crystallinity of molecular materials, new stable materials, the
enthalpy of formation and the interfacial mismatch of compounds [13,14]. Therefore, based
on the dataset and theoretical study of alloy material parameters, the prediction of grain
size of alloy materials by machine learning will become the future development trend in
material informatics.

2. Empirical Model
2.1. The Growth Restriction Factor

Grain refinement is beneficial in terms of improving the soundness of aluminum prod-
ucts, reducing hot tearing susceptibility, declining homogenization time, and improving its
mechanical properties [15]. In the process, nucleation substrates provide heterogeneous
sites for primary solid phase nucleation at low supercooling, while solute elements offer
compositional supercooling for restricting grain growth and facilitating nucleation. The
solute element C0 was the first included factor in the classical supercooling criterion by
Tiller et al. [16]. Maxwell and Hellawell [17] were the first to consider the solute C0 as an
independent alloy parameter relevant to the grain refinement of Al alloys [17]. The solute
element C0 emerged from Maxwell and Hellawell’s [17] simple model of grown spherical
crystals and was restricted by the partitioning of a single solute into a binary alloy. This
can be expressed by Equation (1):

R = λs(D1t)1/2 (1)

where R represents the radius of the sphere, D1 refers to the diffusion coefficient of the
solute in the liquid, t denotes the time, and D1 = f(S).

S, known as the growth parameter, can be given by Equation (2):

S =
2(Cl −C0)

CS −Cl
=

2∆Tc

m1C0(k− 1)− ∆Tc(k− 1)
(2)

where CS and Cl are the compositions of the solute element in the solid and liquid phases,
respectively; m1 is the gradient of the liquidus slope and k is the partition coefficient.

By assuming that thermal gradient is zero without thermal subcooling, the corre-
sponding temperature profile showing the constitutionally undercooled zone, ∆Tc, can be
calculated according to Equation (3) (As shown in Figure 1):
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∆Tc = Tle − Tactual = m1(C0 −Cl) (3)

where Tactual is the equilibrium liquidus temperature and Tle is the actual temperature in
the melt.

Figure 1. A representation of the constitutive undercooled zone in front of the growing equiaxed
grains obtained by assuming no contribution from thermal subcooling or latent heat, as well as a
negligible thermal gradient (Tactual is a constant value). Figures taken from Acta Metallurgica [17]
with permission.

By assuming the zero diffusion of solute in the solid phase and instantaneous diffusion
of solute in the liquid phase, Equation (4) can be obtained:

Cl =
C0

(1− fs)
p , P = 1− k (4)

The injection of Equation (4) into Equation (3) yields Equation (5):

∆Tc = m1C0

(
1− C0

1− (1− fs)
p

)
(5)

At fs = 1,

∆Tc =
m1c0(k− 1)

k
The initial constitutional subcooling rate of development can be defined according to

Equation (6):
d∆Tc

dfs
= − m1C0p(

1− pfs
)2 , where p = 1− k (6)

At fs = 0, the growth restriction factor, Q, can be given by Equation (7):

Q = mc0(k − 1) (7)

The growth restriction factor Q has been obtained for magnesium [6] and aluminum [5]
alloys in the literature. Easton et al. [11] selected eight wrought aluminum alloys with
a variety of alloy elements and the growth restriction factor Q to determine the grain
size prediction [5]. The results indicate the growth restriction factor Q is very reliable
regarding the grain size and 1/Q is a close fit to a linear relationship within a scatter of
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approximately 10 to 20 pct [5]. With the introduction of the growth restriction factor, the
effect of different alloy composition on the grain refinement of cast magnesium alloys
has attracted extensive interest from researchers and a number of new grain refiners have
been developed. Zirconium, with a high GRF [5] (Q = 38.29), was reported to be the most
successful and effective grain refining agent known for magnesium; the first commercially
available alloy of zirconium material was produced in 1945 and was called Zirmax [5].
The growth restriction factor Q value of calcium in a Mg alloy is 11.94, which is only
second to zirconium in magnesium alloys [18]. The grain size reduction rate of 28.5–45%
was observed when appropriate amounts of calcium elements were added to molten
magnesium [19,20]. Therefore, the new grain refiner alloys were developed by exploring
the principles of grain refinement of growth limiting factors.

The growth restriction factor Q can be used for any binary alloy system to describe
the influence of main factors on grain size and evaluate the actual average size of the
alloy, which has been adopted by the most of researchers [5]. However, the model does
not suggest why the nucleants present in the melt nucleate. The nucleation that occurs
in front of the interface remains unresolved [21] and the model is only suitable for binary
alloy systems.

2.2. The Relative Grain Size Grain

The relative grain size model assumes that the nucleation of the grain is mainly
determined by the subcooling of free nucleation in the metal solution without the refiner
or when the effect of the refiner ion is not strong. To generate free nucleation subcooling
for the formation of next grains on an adjacent nucleation substrate, the grain must grow
to a specific size, representing another indirect expression of grain size. Easton et al. [22]
developed an equation to calculate grain size using the relative grain size model shown by
Equation (8):

RGS = 1−
(

m1C0

m1C0 − ∆T′n

)1/k−1
(8)

where ∆T′n is the critical subcooling of the free-form nucleus,m1 represents the liquidus
slope, C0 refers to the solute content, and k is the equilibrium partition coefficient.

The relative grain size reflects the solid fraction of previous grain growth when the
next grains were nucleated. The results show that smaller RGS led to a smaller grain size
and RGS was mainly related to the critical subcooling of grain nucleation. For larger critical
subcooling, the formation of new grains was difficult. The results show that when RGS
is small, the grain size is smaller and RGS is mainly related to the critical subcooling of
grain nucleation. On the contrary, when the critical subcooling degree ∆T′n is smaller or
∆T′n = 0, it indicates that the existing grain core does not require component subcooling for
nucleation. At that moment, the growth of previous grains was greatly limited to zero, and
grain size was the same as that of the actual grain core.

The relative grain size is not the absolute value of grain size. The relative grain size
model is based on the assumption that nucleant substrates are activated by the constitu-
tional undercooling generated by the growth of an adjacent grain, indicating the grain
size varies on addition of solute and nucleant particles. The model was established by
D.H. Stijon [22] and the relative grain size for a range of grain refiner additions to pure
aluminum and an AlSi7Mg0.3 alloy were predicted. For pure Al, the addition of titanium
as a solute resulted in a significant reduction in grain size. For the AlSi7Mg0.3 alloy, the
reduction in grain size was slight with the addition of titanium as a solute. In both cases, the
addition of stronger nucleating agents (lower values of ∆Tn) was also effectively reduce the
grain size and the predicted results are compared with the actual grain size data obtained
experimentally, which correlate well with the observations in the literature [23,24].

The model can be used for any binary alloy system, but for multi-component alloys, it
can be calculated using the undercooling calculated at the specific fraction of solids using
the multi-component diagram [5]. The relative grain size was based on the calculation
of the growth limitation factor Q, activating the adjacent nucleation particle requiring



Crystals 2022, 12, 474 5 of 14

an undercooling for the nucleation of ∆Tn. The model considered the latent heat release
due to the crystallization of equiaxed grains (which creates a small negative gradient at
the interface and the positive temperature gradient due to the extraction of the mold for
positive temperature gradients or casting, and thus it can be understood why a wave of
nucleation events occurs from the mold walls toward the center of the melt) [5]. However,
the model ignores latent heat and thermal gradients, although the model does assume
that each grain needs to grow to produce the next grain required for the constitutive
overcooling to the core. However, both latent heat and positive thermal gradients reduce
the amount and size of the subcooling zone in front of the interface, which may require
more constitutive subcooling.

2.3. The Semi-Empirical Model

Easton et al. [22] also proved the importance of the growth restriction factor Q in
controlling and forging the quality of the alloy by the effects of Al-3Ti-1B refiners on the
grain size of eight cast aluminum alloys. The previous studies revealed that the effect of the
added refiner and alloy content on grain size can be well predicted [25–30]. To characterize
and quantify the effects of nucleant particles on grain size, the contribution of solute content
must be established. Easton et al. [22] experimentally obtained specific expressions for
grain size at a cooling rate of 1 ◦C/s using Equation (9):

d =
32

3
√
ϕ(TiB2)

+
652
Q

(9)

where ϕ(TiB2) is the volume fraction of TiB2 particles (a phase in the refiner) in the alu-
minum solution. The factor a is a constant related to the number of nucleated substrates (or
amount of refiner added), and b is a constant related to the nucleate base capability.

Using the same principle, Lee et al. [31] developed a relationship for the Al5Ti1B
grain refiner:

d =
43

3
√
ϕ(TiB2)

+
520
Q

(10)

The coefficient values in Equations (9) and (10) were used to define the nucleation
characteristics of a particular type of grain refiner. The size of the constants a and b
changes due to the different refiners [30]. At low solute contents, the alloys obtained by
Lee et al. [31] were identified as superior master alloys. At high solute content levels, the
alloys by Easton et al. [22] were characterized as better intermediate alloys [22]. This kind
of analysis may provide a tool to understand grain refinement more effectively.

On the other hand, the cooling rate V should be included in the grain size predic-
tion model since the cooling rates may differ and easily vary in actual production [26].
Easton et al. [22] suggested a formula after adding the Al-3Ti-1B refiner to the aluminum
alloys of eight different solutes under various cooling rates. The expression obtained after
testing the grain size can be written as Equation (11) [32]:

d =
1

3
√

f(R)Nv
+

b′∆Tn

QR1/2 (11)

where f(R) represents the fraction of effective nucleation substrates on all nucleation sub-
strates, related to the cooling rate. Nv refers to the volume fraction of all shaped nucleated
substrates in the Al alloy liquid. b′ is a constant and R refers to the cooling rate; ∆Tn
denotes the critical subcooling degree for free growth on the substrate of the fining agent
particles; and d represents the diffusion coefficient of the solute [29].

The critical subcooling degree of the refiner particles ∆Tn for free growth on the
substrate can be expressed by Equation (12):
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∆Tn =
4б

∆Svd
(12)

where б is the solid–liquid interfacial tension of the liquid phase in the alloy, ∆Sv refers to
the volume entropy of liquid metal, and d is the particle diameter of the fining agent.

Compared to Equation (9), the influence of the subcooling rate on grain size was
considered in Equation (10). Note that smaller grain sizes would be obtained at larger
cooling rates. The experimental [22] results showed that the semi-empirical model can
provide a further understanding of the mechanism of grain refinement. Zr poisoning
and the addition of silicon of more than 3% [33] can also lead to grain refinement. The
semi-empirical model assisted to determine the mechanism of the grain refinement effect
of the Zr and Si elements on the AlTiB master alloy. The change of solidification conditions
will significantly change grain size and the simulation of different solidification processes
showed that each experiment produced different grain sizes.

Easton et al. [22] summarized the formula of the semi-empirical model:

d =
a

3
√
ϕ(d)

+
b
Q

(13)

where ϕ(d) is the volume fraction in the alloy, a is a constant related to the number of
nucleation substrates (the amount of grain fining agent addition), and b is a constant related
to the nucleation capacity of the nucleation substrates. The semi-empirical model will be
strengthened by obtaining data for a greater range of cooling rates. The semi-empirical
model generates substantial amounts of thermal undercooling, and it will encourage the
nucleation of many grains adjacent to the walls of the casting cavity.

The semi-empirical model has been found to be applicable to aluminum and magne-
sium alloys [28], having a broad applicability in many alloy systems. However, the model
assumes that the nucleation of grains occurs due to the constitutional cooling mechanism
inside the melt because it does not take into account the effect of the wall crystals formed
due to the insufficient thermal cooling of the casting walls.

3. Theoretical Model
3.1. Free-form Nucleation Grain Size Model

The component subcooling effect at the grain subcooling degree, reaching the criti-
cal nucleation subcooling, would yield a spontaneous nucleation process based on free
nucleation. The process of spontaneous nucleation was based on free nucleation at the
grain subcooling degree reaching the critical nucleation subcooling due to the composition
subcooling. The free-form nucleation grain size model was proposed by Qian and Stjohn
based on the analysis of nucleation caused by composition subcooling [26].

The free-form nucleation grain size model assumes that grain formation is the result
of the interdependence between nucleation and growth within an environment dictated by
the alloy chemistry [34]. The grain size dgs of the microstructure is determined by three
components: (i) the distance at which a previously nucleated grain must grow; (ii) the
distance of the diffusion field from the S–L interface to the end of the field; and (iii) the
additional distance to the nearest most potent nucleant particle. It can be seen from Figure 2
that the grain size (dgs) of the microstructure can be expressed as [34]:

dgs = xcs + x′dl + xsd (14)

The estimation of x′dl requires knowledge of the solute distribution ahead of the S–L
interface. For alloys with a solute composition of C0 forming the crystal nucleus from
the liquid phase, the crystal nucleus can be regarded as spherical due to the small crystal
nucleus. The accumulation of solute led to the precipitation of the initial solute component
in the liquid phase, which can be estimated to be KC0. As solid phase increased, the CS line
of the solid phase composition changed.
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Figure 2. Scheme was simplified to show the intersection between the actual temperature TA and the
∆Tn − Sd curve indicating the location of the nucleation event, and the three regions that together
establish the grain size of the microstructure: xcs, x′dl and xsd.The first two regions xcs and x′dl represent
a nucleation-free zone, where nucleation is not possible for the particle distribution described by
∆Tn − Sd . ∆T′n is the difference between the actual temperature in the melt. Figures taken from Acta
Materialia [34] with permission.

On the solid–liquid interface (Figure 3), the solid phase composition is (x′dl + xsd),
representing the liquid phase composition on the solidification interface. k refers to the
equilibrium partition coefficient, v is the crystal growth rate, and D denotes the diffusion
coefficient of the solute in the liquid phase [35,36].

Figure 3. The distribution relationship of the solute in the liquid and solid phases during the
formation of the grain. Figures taken from Acta Materialia [34] with permission.

Accordingly, Equation (15) can be obtained:

C∗l =
C∗s (xcs)

k
=

C0

k
[1− (1− k) exp

(
−k

v
D

(x′dl + xsd

)]
(15)
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The accumulation of the solute led to the formation of an enriched layer in the liquid
phase at the solid–liquid interface. As the solute advanced toward the liquid phase by
diffusion, it changed in the enriched layer. This can be expressed by Equation (16):

Cl
(
x′
)
= C0+(C∗l (xcs )− C0) exp

(
− v

D
(x′dl + xsd)

)
(16)

The liquid phase front forms a compositional subcooling zone due to the solute
concentration C∗l (xcs) > C0 within the enriched layer.

At the constitutional supercooling, ∆T′n, at some point on the front edge of the liquid
phase, equals the critical subcooling required for nucleation, xcs, and the distance, x′dl + xsd,
between the grain growth front and the next nucleation point can be expressed according
to Equation (17):

x′dl + xsd =
D∆T′n

vQ
+ xsd (17)

Where D is the diffusion coefficient of solute (m2/s), and v is the nucleation growth
rate (m/s).

Stjohn et al. [22] derived the specific expression of xcs + xsd :

x′dl + xsd =
4.6D

v

(
C∗l −C0

C∗l (1− k)

)
+xsd (18)

The grain size model can be obtained by Equation (19):

dgs =
D∆T′n

vQ
+

4.6D
v

(
C∗l −C0

C∗l (1− k)

)
+xsd (19)

Since the temperature continually decreased from the wall to the center, the nucleation
supercooling required for the grain declines as well. Therefore, ∆T′n can be taken as Z∆T′n
at Z < 1, (Z = 0.1) to yield Equation (20) [22]:

dgs=
DZ∆T′n

vQ
+

4.6D
v

(
C∗l −C0

C∗l (1− k)

)
+xsd (20)

M. Qian et al. [22] calculated the grain size of Al–Ti and Mg–Al binary alloys. The
calculation results showed that a small amount of refiner grains led to nucleation and the
ratio remained constant in the Al–Ti alloys. In the Mg–Al alloys, the experimental value
of 7217 and the predicted value of 7542 were obtained for commercial purity alloys [34].
The commercial alloy value is very close to the experimental value, indicating that the
free-form nucleation grain size model is very reliable in magnesium–aluminum alloys.
The free-growth model showed that the wide grain size distribution and the formation of
an invisible nucleation zone are the main reasons for the low grain refinement efficiency.
Therefore, it is an effective method to improve grain refinement by controlling the growth
rate of the alloy and minimizing the nucleation zone.

The free-form nucleation grain size model can provide theoretical guidance for future
work on predicting the grain size of cast alloys and answer some questions associated with
grain refinement. However, the model also has some limitations in predicting grain sizes
variations in a large range because of the inaccuracy or insufficiency of the thermodynamic
and diffusion data used in the calculation [34]. The model also cannot explain what type
and size of particles are more effective to promote the heterogeneous nucleation and which
solute should be added to create the CS with the smaller nucleation free zone [34]. Therefore,
the free form nucleation grain size model must be used in conjunction with other models
in order to develop new and more effective grain refinement processes for cast metals.
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3.2. Free-Growth Grain Model

In the free-growth grain model, the heterogeneous core formed after the addition
of the refiner acts as the crystal nucleus, and crystal particles grow freely without the
nucleation process. The addition of refiner grains to the liquid metal incites the refiner
particles to directly act as heterogeneous particles to promote the free growth of grains. In
this case, the number of free growth particles is considered as the number of particles [37].
After obtaining the grain number N(v) in unit volume, the average grain size d can be
derived by the expression reported by Gree et al. [33]:

d = 3

√
0.5

N(v)
(21)

where N(v) is the total particles during the growth of the nucleus. For particles with diam-
eter d grown as a nucleus, the critical subcooling ∆Tfg can be obtained by Equation (22):

∆Tfg =
4б

∆Svd
(22)

where б represents the solid–liquid interfacial tension of the liquid phase of the alloy,
d is the particle diameter of the fining agent, and ∆Sv refers to the volume entropy of
liquid metal.

According to the phase diagram of the alloy and the related theory, the volume fraction
N(d) of the free growth refiner particles can be calculated, and the average grain size d can
be obtained.

The grain radius r of the spherical growth in isothermal heat can be expressed by
Equation (23) [38,39]:

r = λs(Dst)1/2 (23)

In this case, the melting point of the alloy is T0. At a solute content of C0 and tem-
perature of T1(T0 − T1 = ∆Tfg) [40], the refiner grains with diameter d start growing. The
growth rate v can be obtained by Equations (24)–(26):

Vs =
λ2

sD
2r

(24)

λs =

(
−S

2π1/2 ) +

(
S2

4π
− S

)1/2

(25)

S =
2(CIL −C0)

CIS −CIL
(26)

where CIS is the solute content in the solid–liquid interface, and CIL refers to the solute
content in the liquid at the solid–liquid interface [40].

After time dt of growth, the size of the particles can be estimated by Equation (27):

rn+1 = rn + Vdt (27)

For crystals grown on particles with diameters d to d + δd, a heat input q(d)δd is
induced into the melt at the nth increment. At this time, the grain growth releases the latent
heat q total according to Equation (28) [41]:

(q(d)δd)n = N(d)δd4πr2
n−1(rn − rn−1)∆Hv (28)

where ∆Hv is the latent heat of solidification per unit volume.
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In each increment, the heat inputs from each group of growing crystals is summed to
yield the total q total, representing the melt temperature in the next interval. This can be
given by Equation (29):

Tn+1 = Tn − Rdt +
qtatal
CPV

(29)

where CPV is the specific heat of the melt per unit volume.
If the growth conditions of the refiner particles are not met, Equation (30) is valid:

∆T = Tn+1 − Tn < ∆Tfg (30)

The above process is then repeated at the critical subcooling, satisfying the growth
conditions of the refiner particles according to Equation (31):

∆T = Tn+1 − Tn > ∆Tfg (31)

In this case, the grain growth releases the latent heat, and grain fraction N(d) can be
obtained by the above formula to yield the average grain size d.

Men’s [42] study showed that the combination of theoretical modelling based on the
free growth model elucidates the mechanism of grain refinement by the melt-enhanced
shear, and quantitatively studied the initial stage of solidification in the sheared and non-
sheared AZ91 alloy melt. Men et al. obtained experimentally for the AZ91 alloy that
the maximum volume of the melt was 157 cm3 and the measured undercooling rate was
~0.22 CS−1 near the temperature of the alloy liquid, in the case of the standard TP-1 test
with the undercooling rate of ~3.5 KS−1 and the melt volume of ~100 cm3 [42]. The good
agreement between the theoretical predictions and the experimental observations suggests
that the free-growth grain model is very reliable in magnesium and aluminum alloys. The
results of quantitative studies show that the MgO particles in the oxide films are effectively
dispersed into more individual particles by intense melt shearing. In this case, the number
density of active nucleated particles in the sheared melt increased and achieved significant
grain refinement. Therefore, for strong nucleation agents, the nucleation stage itself is not a
controlling factor, as the number of grains is determined by free-growth conditions.

The free growth model is neither time dependent nor stochastic and a particle size
distribution was applied and can be successfully applied to Al–Ti–B- and Al–Ti–C-based
grain refiners [43] inoculated in aluminum alloys and SiC refiners inoculated in magnesium
alloys. The model showed that a new crystalline phase could start free growth on the
potent particles at an undercooling inversely proportional to the diameter of the nucleating
substrate. The largest particles in the melt start to grow first, as soon as the required
undercooling is reached, followed by the progressively smaller ones as the undercooling is
increased [42]. However, the model only deals with equiaxed growth and therefore may
make unrealistic predictions outside. In order to describe the different types of casting and
variations in casting conditions, the only input parameter of the model is the cooling rate.
It is not sufficient to have only this input parameter for the model, especially in the case of
large temperature gradients which will hinder the prediction of the grain size. Therefore,
the model is only applicable to the prediction of grain size with equal growth rate.

4. Future Trends for Predicting Grain Size

The above-developed grain size prediction models are characterized by high cost, long
lead time, and easy failure. The empirical model ignores latent heat and thermal gradients.
Both latent heat and positive temperature gradients reduce the number and size of the
subcooling zone at the interface, resulting in small grain diameters obtained. The theoretical
model is poorly modeled in experiments with fine grain particles and lacks a quantitative
description of the relationship between grain refinement results and important parameters,
such as refining agents. Hence, shortening the process of the model from discovery to
application is very important. The development of accurate, reliable, convenient, and
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applicable grain size prediction models with data support has received increased attention
using existing relevant material data and empirical knowledge.

With the development of the advanced data and success achieved by their technolo-
gies, machine learning has shown great potential in scientific research [44,45]. For example,
Agrawal et al. [12] used information from data analysis tools to build a machine learning
model to predict the fatigue strength of steel using the National Institute for Materials
Science (NIMS) public domain database and proposed a framework for the systematic
end-to-end exploration of materials. Wicker et al. [13] used a support vector machine
regression algorithm with radial basis kernel functions for predicting the molecular ma-
terial crystallinity. Meredig et al. [14] constructed a machine learning model to predict
4500 new stable materials from a database of density generalized function theory (DFT)
calculations with 6 orders of magnitude less computational time than DFT. To date, ma-
chine learning has been associated with material research to provide new ways for the
development of new materials driven by large amounts of data generated by scientific
experiments and computational simulations [46] Therefore, the prediction of the grain
size model by machine learning would become an effective means to address the needs
of material development in today’s society [47,48]. The machine learning method could
predict the grain size of aluminum alloys by analyzing large numbers of experimental data
and carry out correlation analyses, feature selection, regression analyses, and integrated
algorithms [49,50]. In sum, the prediction model of grain size by machine learning would
expand the knowledge of grain size in the existing technologies, reduce the blindness
of experiments to a certain extent, save time and cost, and enhance the intelligence of
enterprise production and service.

5. Conclusions

This review introduced the related research on solidification grain size models and
predicted future trends in the grain size of alloy materials by machine learning methods.
The empirical models are determined by three components. (i) The growth restriction factor
Q is applied to any binary alloy system and is the key quantity for the term effect on grain
growth and the grain refinement during alloy solidification. In addition to this, the growth
restriction factor Q evaluates the relative or actual average size of the alloy and has been
applied in magnesium and aluminum alloys. However, the model does not suggest why
the nucleants are present in the melt nucleate. (ii) The relative grain size model can be used
for any binary alloy system, but for multi-component alloys, it can be calculated using
the undercooling calculated at the specific fraction of solids using the multi-component
diagram. In addition to this, the relative grain size model can explain the occurrence of
a wave of nucleation events from the mold walls toward the center of the melt and can
predict the size trend of nucleated particles in different solute content ranges. However, the
model neglects latent heat and thermal gradients. (iii) The semi-empirical model has been
found to be applicable to aluminum and magnesium alloys, having a broad applicability
in many alloy system. However, the model assumes that the nucleation of grains occurs
due to the constitutional cooling mechanism inside the melt because it does not take into
account the effect of the wall crystals formed due to the insufficient thermal cooling of the
casting walls.

The theoretical models are determined by two components. (i) The free-form nucle-
ation grain size model can provide theoretical guidance for future works to predict the
grain size of cast alloys and answer questions associated with grain refinement. However,
the model also has some limitations as it cannot explain what type and size of particles
are more effective to promote the heterogeneous nucleation and which solute be added to
create a CS with a smaller nucleation-free zone. Therefore, the free-form nucleation grain
size model must be used with other models. (ii) The free growth model was successfully
applied grain refinement of Al–Ti–B- and Al–Ti–C-based grain refiners inoculated in alu-
minum alloys. However, the model only deals with equiaxed growth and therefore may
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make unrealistic predictions outside. The model is only applicable to the prediction of
grain size with equal growth rate.

The theoretical and empirical models of grain size can accurately reflect the actual
grain size and play an important role in industrial production. The grain prediction model
deepen the theoretical understanding of metal solidification conditions and have great
scientific importance for future research on grain size refinement. However, they also
have corresponding application limitations, and it can be difficult to meet the demand of
today’s rapid research and development of materials. Therefore, the article first proposed
to use machine learning to predict the grain size and improve the grain size prediction
model. Machine learning can be used to predict the eigenvalues and grain size of aluminum
alloys. With the development of computing technology, the prediction of grain size through
machine learning will become the trend of future research.
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