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Abstract
Casting aluminum alloys are commonly used in industries due to their excellent comprehensive performance.
Alloying/microalloying and post-solidification heat treatments are the most common measures to tune the
microstructure for enhancing their mechanical properties. However, it is very challenging to achieve accurate and
efficient development of novel casting aluminum alloys using the traditional trial-and-error method. With the rapid
development of computer technology, the computational thermodynamics (CT) in the framework of the
CALculation of PHAse Diagram approach, the data-driven machine learning (ML) technique, and also their
combinations have been proved to be effective approaches for the design of casting aluminum alloys. In this
review, the state-of-the-art computational alloy design approaches driven by CT and ML techniques, as well as
their combinations, were comprehensively summarized. The current status of the thermodynamic database for
aluminum alloys, as the core for CT, was also briefly introduced. After that, a variety of successful case studies on
the design of different casting aluminum alloys driven by CT, ML, and their combinations were demonstrated,
including common applications, CT-driven design of Sc-additional Al-Si-Mg series casting alloys, and design of Srmodified A356 alloys driven by combing CT and ML. Finally, the conclusions of this review were drawn, and
perspectives for boosting the computational design approach driven by combining CT and ML techniques were
pointed out.
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INTRODUCTION
Nowadays, more than several dozens of aluminum alloys are utilized in the aerospace, automotive,
electronics, and building industries because of their advantages such as high strength-to-weight ratio,
superior castability, low thermal expansion coefficient, and outstanding corrosion resistance[1-3]. With the
advantages in low cost, high productivity, and high compatibility with recycling processes, casting is the
most flexible method for fabricating complex shapes, and approximately 30% of the total aluminum
products and most of the special-shaped pieces are manufactured in this way[4]. In most cases, only four
alloying elements are used in cast aluminum alloys: semiconductor silicon; and metals magnesium, zinc,
and copper[5]. These chemical elements are referred to as “basic” or “principal” because they are present in
relatively large amounts in aluminum alloys and determine their microstructure and properties. Therefore,
according to the difference in alloying elements, casting aluminum alloys are mainly divided into four
categories: Al-Si system, Al-Mg system, Al-Cu system, and Al-Zn system, as summarized in Figure 1. As
shown in the figure, aluminum-silicon alloys with high specific strength, low density, and low thermal
expansion coefficient are widely used as materials for cylinder heads, engine blocks, and wheels[6-8]. Al-Mg
alloys are widely applied in radar bases, aircraft landing gear, marine, and food and beverage packaging due
to their corrosion resistance, appreciable mechanical properties, low density, and formability[9-12]. Al-Cu
alloys have applications in structural, aerospace, marine, and automotive industries for their high
strength[13,14]. Due to the high strength obtained by fine-scale precipitation of the metastable zinc-rich phase
in the hardening heat treatment process, Al-Zn alloys are widely used in aircraft manufacturing and other
high-strength applications[15-17].
However, the mechanical properties of original casting aluminum alloys are still lower than those of
wrought aluminum alloys[18-20]. For instance, the microstructural problem of Al-Si alloys induced by the
formation of a flake-type brittle (Si) phase during solidification, the low toughness of Al-Cu alloys, the low
ductility of Al-Mg alloys, and the intergranular and stress corrosion cracking of Al-Zn alloys restrict the
application of casting aluminum alloys. Therefore, to expand the application range of casting aluminum
alloys, it is necessary to further improve the properties/performance of the casting aluminum alloys. The
mechanical properties of aluminum castings may be modified through tuning the casting process, alloying
composition, and heat treatment[20]. Aluminum alloys can basically be cast by all the existing processes, such
as pressure die casting, plaster molds, permanent mold, clay/water bonded sand, chemically bonded sand,
and investment casting. Important developments include rapid solidification[21], high-pressure
solidification[22], high-pressure die casting[23], and additive manufacturing[24], as well as technologies of
compensating for solidification-related microstructural and macrostructural tendencies[25,26]. However, each
casting technology defines a series of limits and requires adaptations of the alloys and adjustments to the
post-solidification heat treatment. Meanwhile, alloying/microalloying has become the most promising
strategy for further modification of the microstructure and improvement of the mechanical properties of
casting Al alloys. With extensive efforts for the past half-century, a variety of grain refiners and modifiers
(i.e., Na[27], Sr[28], Ti[29], B[30], V[31], Nb[32], Zr[33], Ce[34], P[35] and Sc[36]) have been proposed to ameliorate the
mechanical properties of casting aluminum alloys. What’s more, the post-heat treatment of casting
aluminum alloys is typically based on the adjustment of the solubilities of the metallurgical phase in a
crystallographically monotropic system, and the mechanical properties of cast aluminum alloys can be
manipulated by controlling the formation and content of precipitated phases[37,38].
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Figure 1. Classification system for casting aluminum alloys.

Traditional trial-and-error method is widely used to search for the optimal alloy composition and heat
treatment mechanism for casting aluminum alloys with the best mechanical properties; however, it is timeconsuming and challenging to accurately and efficiently design the optimal alloy composition and heat
treatment mechanisms, especially in multicomponent aluminum alloys. In this context, with the
development of computer technology, computational alloy design approaches based on theoretical
modeling/prediction can effectively accelerate the design of alloy compositions, heat treatment mechanisms,
and even manufacturing processes. In fact, this is also the ultimate goal in the field of materials science. To
date, many approaches are available for theoretical alloy design, such as first-principles (FP) calculations[39],
molecular dynamics simulations[40], computational thermodynamics (CT)[41-43], computational kinetics[44-51] in
the framework of CALculation of PHAse Diagram (CALPHAD) technique, phase-field simulations[52-56],
machine learning (ML) approach[57-60], and other empirical/semi-empirical formulas[61-63]. Among them, CT
in the framework of CALPHAD technique and data-driven ML method is the most advantageous approach
for multicomponent alloy design. The CT approach, of which the greatest advantage lies in an efficient and
accurate guide about the equilibrium/nonequilibrium phase relations, has been used for material design and
process optimization of commercial multicomponent aluminum alloys for more than twenty years[64,65]. In
recent years, the CALPHAD method has been widely applied in the calculation of the phase equilibria and
thermodynamic properties in aluminum alloys. However, it is impossible to construct the quantitative
relation between the microstructure and mechanical properties with only the CT approach. The data-driven
ML method, whose most significant advantage lies in that the relation between any two types of variables
without knowing their physical connection in advance can be effectively established, has been successfully
applied in the computer science community[66]. Recently, it has aroused great interest in the materials
industry in crack location prediction, structure analysis[67], physical property prediction[68], and alloy
design[69]. However, with the relations trained by ML method, it is challenging to understand the physical
context in the target alloys. Moreover, accurate ML predictions also strongly depend on a large dataset of
the target alloys. Therefore, a combination of the CT method and ML method has been naturally proposed,
with which the CT approach is used to build the quantitative relation of “Composition - Process Microstructure”, and the data-driven machine learning is utilized to construct the quantitative relation of
“Microstructure - Properties”. Such a combination is expected to boost the efficient and accurate design of
multicomponent casting aluminum alloys.
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Consequently, the aim of this review is forced on a comprehensive summary of all the efforts in the
computational alloy design of different casting aluminum alloys using the CT approach, ML techniques,
and their combinations, and to provide a clear vision for boosting the concept design of casting aluminum
alloys. In the next section, the state-of-the-art alloy design approaches driven by CT, ML, and their
combinations will be reviewed. The current status and development of the thermodynamic databases for
aluminum alloys are briefly introduced. After that, some successful case studies on the computational
design of casting aluminum alloys driven by CT, ML, and their combinations are presented. Finally, the
conclusions will be drawn, and some promising prospects for broadening the application range of the
computational alloy design approach driven by a combination of CT and ML in casting aluminum alloys are
also pointed out.

STATE-OF-THE-ART OF COMPUTATIONAL ALLOY DESIGN APPROACHES:
COMPUTATIONAL THERMODYNAMICS, MACHINE LEARNING, AND THEIR
COMBINATIONS
Computational thermodynamics technique and its applications

A detailed understanding of the stability relation of the aluminum alloy system is helpful to the design of
aluminum alloys for specific applications[70]. Olson[71], Olson and Kuehmann[72] pointed out that the
conceptual design of structured material can be achieved through a systematic approach that integrates
manufacturing, structure, property, and performance relations through a hierarchical computational model,
and defines subsystem design parameters through the CT technique. Based on the CALPHAD method
dawned in the 1950s, the CT technique aimed at the coupling of phase equilibrium and thermochemistry by
computational techniques, and eventually evolved into kinetics simulations with thermodynamic
calculations, becoming a powerful tool for material design[73-75]. The multicomponent phase equilibria can be
calculated, and the solidification process of multicomponent alloys of industrial relevance can be simulated
once a thermodynamic database has been developed for the target multicomponent system[76-80]. The
strategic workflow for the alloy design approach driven by computational thermodynamics is shown in
Figure 2. As demonstrated in the figure, computational thermodynamics based on a reliable
thermodynamic database and software/code can provide accurate predictions of different factors
determining the castability[81-86], cracking tendency[87-90], grain refinement[91-93], microstructure
modification[94-97], and basic physical properties[98-101] of casting aluminum alloys, from which the alloy
composition[95], heat treatment mechanisms[102] and even manufacturing means[102] can be optimized, e.g., by
using multi-objective design strategy.
Castability of aluminum alloys
It is well known that not all elemental interactions are beneficial to the improvement of alloy properties.
Alloying elements can either cooperate or compete with each other in phase equilibrium[83]. The formation
of unnecessary and even harmful phases commonly occurs in a multicomponent aluminum alloy system
without scientific guidance. This leads directly to the most common negative effect of alloying element
interactions: the waste of solute elements in an unwanted phase. In this way, not only the alloying effect is
weakened, but also the harmful phases can directly weaken the properties of the alloy. In this context, to
study the castability of aluminum alloy, it should be the first step to understand the phase equilibrium
information of multicomponent aluminum alloy systems. Schmid-Fetzer and Zhang[82] systematically
studied the influence of trace elements (i.e., Cr, Fe, Mn, Si, and Ti) on the liquidus and solidus temperatures
of Al-2.3Cu-2.25Mg-6.2Zn-0.115Zr (in wt%) alloy. The liquidus and solidus of fcc phase were calculated to
be 630.8 °C and 496 °C, respectively. High-throughput calculations (HTCs) were also performed on the
alloys with the addition of minor alloying elements in their specified ranges of Al-2.3Cu-2.25Mg-6.2Zn0.115Zr-(0~0.04)Cr-(0~0.15)Fe-(0~0.1)Mn-(0~0.12)Si-(0~0.06)Ti (in wt%). The calculated liquidus
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Figure 2. Strategic workflow for alloy design approach driven by computational thermodynamics.

temperatures are in the range of 629-633 °C, while the calculated solidus temperatures distribute in the
range of 488-508 °C. The influence of trace elements on the liquidus of the alloys was insignificant, i.e.,
~±2 °C, while the influence on the solidus was more significant, ~±10 °C. Although the percentages of
minor elements are very low, their effect cannot be simply ignored, and thus understanding the effect of
minor elements is important. Moreover, for Al-Si alloys, the addition of Si can greatly increase the fluidity
of the melt and improve castability. However, with the addition of other major or minor elements, the
elemental interactions often occur, which leads to the poisoning of Si[30-32], decreasing the castability of
alloys. Therefore, to improve the castability of aluminum alloy, it is necessary to strictly control the amount
of alloying elements.
Alloy solidification is usually accompanied by volume changes, which may cause porosity, shrinkage, and
other casting defects in the casting parts. A small volume shrinkage is usually considered as an increase in
the castability of the alloy. For instance, it is widely accepted that a high level of additional Si into casting
aluminum alloys contributes to good casting characteristics. That is partly because the additional Si can
reduce the volume shrinkage according to the density calculation by Chen et al.[65]. With the increase of Si
content, the melt density increases while the solid density decreases, thus reducing the casting shrinkage.
Beyond the densities, the castability of the alloy is also affected by the viscosity/diffusivity[103], degree of
undercooling[52], cooling rate[84,85], and CCT/TTT diagrams[86], which can be accurately analyzed by combing
thermodynamic calculations and kinetic simulations. A typical demonstration is from Tang et al.[81], who
achieved the quantitative simulation of microstructure evolution during the solidification and dissolution
process based on the composition- and temperature-dependent viscosities and diffusivities of the liquid and
fcc phases in ternary Al-Mg-Si system.
Furthermore, the cracking during solidification also significantly affects the castability of aluminum alloy.
Solidification cracking in aluminum alloys is a serious defect, which will further affect their mechanical
properties and then comprehensive performance. As derived by Kou[87,88], Soysal and Kou[90], Liu and
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Kou[104], the index of |dT/d(fs)1/2| near (fs)1/2 = 1 can be used as one of the effective criteria for the cracking
susceptibility of aluminum alloys, where T is the solidification temperature and fs is the solid fraction, and T
and fs can be acquired by the Scheil-Gulliver solidification simulations. The higher values of |dT/d(fs)1/2|
suggest the low lateral growth rate for columnar grains at the end of solidification, where the columnar
grains are easily separated by the thin liquid films, and the alloy exhibits greater crack tendency, which leads
to lower strength and ductility of the target alloy. The criterion proposed by Liu and Kou[89], Zhang et al.[105],
Kou et al.[106], Liu et al.[107] has been successfully applied to predict crack susceptibility of the industrial
aluminum alloys.
Grain refinement
It is an efficient way to improve the mechanical properties of aluminum alloys by refining the grain size of
the phases forming during casting. The nucleation rate and the growth rate of crystals are known to be the
two key factors that determine the final microstructure of the target alloy. Through alloying/microalloying,
the strong nucleation particles (i.e., Al3Ti[30], TiB2[108], AlB2[109], Al3Nb[110]) formed in cast aluminum alloy can
produce the microstructures with fine equiaxed grains, which can improve the mechanical properties of the
aluminum casting. The thermodynamic calculations and Scheil-Gulliver simulations in the framework of
the CALPHAD method are usually employed to clarify the types and form conditions of the nucleating
particles in alloys. Moreover, when the solute diffusion in liquid is rate-controlling, the presence of solutes
leads to growth restriction. The growth restriction factor (Q-value) has frequently been used to analyze and
control grain refinement during the solidification of aluminum alloys[91-93]. It has been demonstrated that the
Q-value in multicomponent alloys can be predicted from nonequilibrium solidification simulation results
based on reliable thermodynamic descriptions/databases[111-115]. The best way to calculate the Q-value from
the thermodynamic models is using the initial slope of the constitutional supercooling (ΔTcs) development
with a solid fraction (fs). The growth restriction factor (Q-value) can be expressed as[92]:

in which ΔTcs is the constitutional supercooling, and fs is the solid fraction. The higher Q-values indicate that
the solutes can generate the constitutional supercooling at the front of the liquid/solid (L/S) interface,
resulting in the refinement of the grain size.
Experimental investigations from different sources[116,117] indicate that there is an inverted relation between
the final average grain size (d) and the value of Q. A model is given by Men and Fan[118] demonstrates that
the dependence of average grain size on 1/Q can be described mathematically by a power-law relationship:

K is a constant that depends on the alloy system, solidification condition, and nucleating particles. For a
specific alloy system, the smaller the value of K, the higher the grain refinement efficiency.
Microstructure modification
The modification of the eutectic structure is also an important way to improve the mechanical properties of
aluminum alloy, and the competitive growth of different eutectic structures is the key to modifying the
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eutectic structure[94,96,97]. Therefore, to study the competitive growth of multiphase structures, it is necessary
to thoroughly analyze the solidification of aluminum alloys. It is well known that the CALPHAD method
has widely been applied to predict the phase transformation sequence and the evolution of the phase
fraction during the solidification process by means of Scheil-Gulliver simulation, which can provide a hint
to investigate the modification of the eutectic structure.
The Scheil-Gulliver solidification mode assumes that diffusion in the liquid phase is fast enough to achieve
equilibrium while no diffusion exists in the solid phase(s)[119]. Such assumptions are roughly applicable to
cast aluminum alloys[95]. All the solidification information (i.e., phase transition temperatures, phase
transition types, and phase/structure fractions) of a specific alloy composition can be obtained by a single
Scheil-Gulliver curve. A series of solidification curves can be integrated to construct a diagram of the phase
transition temperatures as a function of alloy composition, namely the Scheil-Gulliver solidification
diagram[95] or Scheil-Gulliver constituent diagram[120]. With such a diagram, the solidification behavior of
cast aluminum alloys over a wide composition range can be clearly seen, and the strategy for modification
of the eutectic structure(s) can be proposed based on the following criteria[95]: (1) to obtain a larger
constitutional undercooling; (2) to realize the competitive growth of different eutectic structures; and (3) to
increase the content of Si in the remaining liquid phase for enhancing the nucleation efficiency of the
eutectic (Si).
Physics-based calculations
Solid solution hardening[121,122] and precipitation strengthening mechanisms[95] are the basis for the
development of high-strength aluminum alloys. It is necessary to obtain basic physical parameters (i.e.,
lattice parameter, electron work function, bonding charge density) of target alloys and to establish their
correlation with the mechanical properties (i.e., Young’s modulus, hardness, and strength)[98,99]. In a target
alloy with a relatively high content of alloying elements, the second phase is usually introduced during the
refinement and modification process of the casting aluminum alloy, and the uniform dispersion of the hard
fine particles plays a vital role in the improvement of the strength and ductility in casting aluminum
alloy[123]. Therefore, it is vital to determine the modulus of the second phase in aluminum alloys. Based on
the critical literature review[124-131], the bulk modulus and shear modulus of a number of precipitated phases
in aluminum alloys calculated by FP calculations are given in Table 1. It can be seen from the table that the
bulk and shear modulus of some intermetallics (i.e., Al3Sc, TiB2, and AlSc2Si2) are much larger than those of
(Si) and (Al). Thus, the addition of TiB2 particle or rare-earth Sc elements can greatly improve the
mechanical properties of casting aluminum alloys, which has already been verified by different
experiments[30,36].
Heat treatment mechanisms
The heat treatment process is essential to improve the mechanical properties of casting aluminum alloy, and
the heat treatment of casting aluminum alloy mainly includes the solution heat treatment and aging
treatment. The purpose of solution heat treatments is to maximize the solubility of solute atoms (i.e., Mg, Si,
Cu, or Zn) in the (Al) matrix, to improve mechanical properties, or prepare for subsequent aging
treatment[132]. After aging treatment, the hardening precipitates form in supersaturated (Al) solid solution,
which further improves the properties of casting aluminum alloys. Generally, two important parameters
(i.e., temperature and time) need to be determined for heat treatment. In terms of CT technique, the
temperature window of the solution/aging heat treatment can be selected by using the property diagram[133].
Then, particle dissolution kinetics can be simulated to further optimize the temperature and time of
solution heat treatment[81]. Moreover, the precipitation simulation can be performed to estimate the aging
heat treatment time considering the effect of the cooling rate[52].
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Table 1. Bulk modulus (B) and shear modulus (G) of different phases in typical aluminum alloys from the literature

Phases

B (GPa)

G (GPa)

Ref.

(Al)

76.5

\

Garay-Tapia et al.

[124]

[124]

(Si)

94.3

\

Garay-Tapia et al.

Al2Cu

88.7

71.9

Li et al.

Mg2Si

57.9

48.8

[125]
[126]

Huang et al.
[125]

MgZn2

59.2

19.0

Li et al.

Al3Sc

86.0

68.6

Chen et al.

Al3Zr

120.6

87.1

Li et al.

Al3Ni

117.6

67.1

[127]

[125]

Zheng et al.

[128]

Phases

B (GPa)

G (GPa)

Ref.

TiB2

276.0

252.0

Dodd et al.

[129]

[125]

Al2CuMg

75.2

48.1

Li et al.

AlSc2Si2

99.9

74.1

Chen et al.

Al2Si2Sr

45.7

40.9

Garay-Tapia et al.

[130]
[124]

[131]

AlSi2La

69.4

44.5

Pang et al.

AlSi2Ce

80.9

36.5

Pang et al.

AlSi2Pr

76.0

38.6

Pang et al.

AlSi2Nb

80.9

54.7

Pang et al.

[131]
[131]
[131]

Data-driven machine learning method and its applications

Recently, there has been an increasing application of the ML approach in the design of various aluminum
alloys to improve their mechanical properties and service performance[134-137]. Data is being raised beyond
fundamental scientific theory and empirical/semi-empirical material sciences knowledge in a more
straightforward way than ever[138,139]. However, revealing and reasonably quantifying the intricate principles
of material sciences underlying sparse observed scatters with general machine learning
techniques/frameworks is still far from realized. Questions are generally reverted to exploring the possible
association between materials science problems and specific data-driven approaches. Therefore, insight into
the materials science problem of interest and expertise in machine learning approaches are both essential
before urging tentative solutions[140-143].
Machine learning toward materials-property relation
For the ML, datasets, descriptors, and algorithms are the primary components[144]. Despite the specific study
cases, the dataset is the prerequisite source governed by hiding principles with respect to the specific
problem of interest. In general, preparation of the dataset for ML is time-consuming and consists of the
workflow of cleaning and curating, where consistency and integrity of data are to be reserved. For a typical
“materials → property” relation dataset, features related to materials are referred to as input, while the
property is referred to as output[140]. The task of the ML approach is therefore put forward: what are the
potential features/constituents of a novel material that possess the best estimation of the properties of the
concerned materials?
The second step is to establish a mapping (descriptors and algorithms) between materials and properties
that are entirely numerical in nature and do not require any knowledge of the physical connection involved.
Algorithms can be divided mainly into three categories, which are supervised learning, unsupervised
learning, and reinforcement learning. Generally, supervised learning is preferred and thus used in
classification or regression problems, encompassing support vector machine algorithms, Naive Bayes
classifiers, decision trees, neighbor K-nearest algorithms, and artificial neural networks (ANNs)[145,146].
Among the various types of learning algorithms, artificial neural networks are widely used in material
manufacturing processes due to their ability to overcome the limitations imposed by nonlinearities and the
multiple parameters involved in computing material design problems[147-150].
As an important step toward achieving material discovery/design, FP calculations based on density
functional theory (DFT), have been widely applied to predict crystal structures, basic physical properties,
and fundamental electronics[100,101]. The ML method not only offers great convenience for data acquisition
and analysis but also builds the correlation between basic physical parameters and mechanical properties to
assist material discovery/design[151,152]. Moreover, the combination of ML method and FP calculation
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stimulates the development of materials simulations. Recently, the ML method has been used to develop the
atomistic potentials that can boost the computational efficiency of first-principles methods by order of
magnitude without affecting the accuracy in, i.e., Al-Mg[153], Al-Cu[154], and Al-Si-Mg alloys[155]. Meanwhile,
the integration of FP calculations and the ML method to achieve high-throughput calculations and storage
of data is also one key for material theory design[156-160]. For example, Wang et al.[156] studied the power-law
scaled hardness of solute strengthened nonequilibrium solid solutions. The electronic properties (i.e.,
electron work function, Fermi energy, bonding charge density, and lattice parameter) were derived from
high-throughput FP calculations, and the atomic and electronic insight into the composition-structureproperty relationships was revealed by the ML method.
Problem-oriented machine learning for material design
For new researchers eager to use the ML method, the most important question may be whether this method
can solve their problem[151]. Preliminarily, a reliable dataset is expected to be available due to efforts to
generate a critical subset in a controlled manner. Moreover, the question remains whether or not the
problem of interest is interpretable with the ML approach. In summary, data-driven ML methods should be
aimed at (1) properties that are very difficult or expensive to compute or measure using traditional methods;
(2) phenomena that are too complex for a straightforward solution based on fundamental equations to be
hard to be resolved; or (3) phenomena in which the governing equation is out of the scope of knowledge,
serving as the rationale for the exploration of surrogate models. Machine learning might also be responsible
for refining the essential features behind repetitive but expensive operations, especially when interpolations
are needed in high-dimensional spaces, such as when properties are fit into large chemical and/or
configurational spaces[152].
It is different from optimizing the casting aluminum alloys through intuition and the trial-and-error
method because of the complexity in their numerous processing steps and wide composition range. The ML
techniques have attracted particular interest in the aided design of multicomponent alloys. Recently, a new
type of Al-Zn-Mg-Cu alloy with the desired UTS was designed by Li et al.[135] according to the composition
and process optimization using the machine learning technique. Their results demonstrate that it is feasible
to use machine learning to search Al-Zn-Mg-Cu alloys with good mechanical properties. Combined with
the reported experimental data published in the literature with the machine learning design system (MLDS),
the composition-property relation of Al-Zn-Mg-Cu alloys was constructed by Jiang et al.[161], and the alloy
composition that met the required mechanical properties were obtained. Furthermore, the hardening and
toughening mechanisms of the novel aluminum alloy were also analyzed and verified by key experiments.
To be strategically situated: synergy between CT and ML approaches

The CT-driven alloy design approach for casting alloys starts from accurate equilibrium phase diagram
calculations and Scheil-Gulliver solidification simulations based on a reliable thermodynamic database and
results in the quantitative relation of “Composition - Process - Microstructure” of the target alloys[95,162].
However, for a successful alloy design, some qualitative/empirical relations of “microstructure - properties”
should be known beforehand, as is one serious disadvantage for the CT-driven alloy design approach.
Fortunately, with an appropriate dataset and model, the ML technique can efficiently predict the properties
of specific components, serving as the bridge for the quantitative relation of “Microstructure Properties”[146]. Thus, with a combination of the CT and ML approaches, the quantitative relation of
“Composition - Process - Microstructure - Properties” for the target alloys can be effectively established,
from which the alloy composition and manufacturing process can be optimized. The schematic diagram of
the computational alloy design approach by combining CT and ML techniques is shown in Figure 3.
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Figure 3. Schematic diagram for the efficient computational alloy design approach by combining computational thermodynamic and
machine learning techniques.

First, based on the reliable thermodynamic database of the target aluminum alloy, the equilibrium phase
diagram and property diagrams with a wide range of components can be calculated by using
thermodynamic software (e.g., Thermo-Calc[163], Pandat[164], FactSage[165], and MTDTA[166]), and the thermally
stable phase region and phase transformation information are obtained. Moreover, the solid solubility of
alloying elements in the matrix and the variation of phase fractions with temperature and composition are
provided[167]. Second, the solidification process of a target aluminum alloy with different components can be
simulated by the Scheil-Gulliver solidification mode, resulting in quantitative solidification behaviors such
as the phase transition temperature, solidification sequence, and volume fraction of the precipitated
phase[95]. The influence of solute elements on the grain size and castability of the target aluminum alloy can
then be analyzed through the calculation of the growth restriction factor and cracking susceptibility index,
respectively. Third, the quantitative relation among alloy composition, temperature, and microstructures
can be established according to thermodynamic calculations[162]. Fourth, the calculated/simulated results and
the experimental data are sorted in a machine learning dataset, and the appropriate models can be selected
to establish the quantitative relation among the composition, process, microstructure, and mechanical
properties of the target aluminum alloy, from which the alloy composition and process parameters can be
optimized/designed[168]. Finally, key experiments are carried out to validate the accuracy of the designed
results.

THERMODYNAMIC DATABASES FOR ALUMINUM ALLOYS
Available commercial/public thermodynamic database

The key to performing computational alloy design through CT lies in the accuracy of the thermodynamic
database. The thermodynamic databases of multicomponent aluminum alloys have been under
development for many years. Currently, several commercial/public databases are available for aluminum
alloys, including COST507[169], TTAL[170], FTlite[171], ME-Al[172], TCAL[173], and PanAl[174]. Among them,
TCAL[173] and PanAl[174] are the most widely used thermodynamic databases of multicomponent aluminum
alloys.
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The TCAL database was originally released by Thermo-Calc in May 2011 and contained a thermodynamic
description of the Al-Cu-Fe-Mg-Mn-Ni-Si-Zn system[76]. In 2021, Thermo-Calc released the latest version of
the TCAL database (TCAL8). The thermodynamic descriptions of 44 pure elements, 275 binary systems,
108 ternary systems, and 14 quaternary systems were assessed in the TCAL8 database[173]. Moreover, the
database contains additional property data such as the surface tension of the liquid, the viscosity of the
liquid, thermal conductivity, electrical resistivity, and molar volume. The TCAL database has been widely
used in various studies on aluminum alloys due to its excellent accuracy in phase equilibria
calculations[175-177].
With financial support from the United States Air Force Research Laboratory through Small Business
Innovation Research program. CompuTherm began developing the PanAl thermodynamic database in 2000
and released the first version with 17 components in 2004[178,179]. After 21 years of development, the PanAl
database has extended to include 37 components, 1033 phases, 415 binary systems, and all the Al-W-V (W
and V represent Cu, Fe, Mg, Mn, Si, and Zn major alloying elements) ternary systems[174]. In addition, the
PanAl database includes the atomic mobility and molar volume descriptions of multicomponent aluminum
alloys, which can be used to simulate the precipitation and growth of aluminum alloys.
Beyond the thermodynamic database

For newly developed material, if commercial databases are unavailable or inaccurate, a custom
thermodynamic database needs to be developed[75]. Central to the established thermodynamic database is
the CALPHAD method. The quintessence is indicated in Figure 4. The thermodynamic properties obtained
from experimental studies/first-principles calculations and phase equilibrium/transformation data
determined by experiments were collated, and the two classes of data were combined under the framework
of the CALPHAD method. Each phase in the research system corresponds to a unique set of Gibbs energy
functions related to temperature, pressure, and composition. The multiphase and multicomponent phase
equilibria are then calculated by minimizing the Gibbs energy of the system at a constant temperature,
pressure, and composition[73]. Such minimizer is available in all the current thermodynamic software
packages, such as Thermo-Calc[163], Pandat[164], and Factsage[165]. Therefore, the previously separated classes
of data are unified into a dataset unique to the CALPHAD method; each phase in the dataset has specific
Gibbs energy models and corresponding thermodynamic parameters. On the whole, for multicomponent
systems, this constitutes a thermodynamic database, such as the TCAL and PanAl databases.
Driven by the rapid increase in available computational data and a large number of data repositories, the
integration of FP calculations based on DFT and CALPHAD accelerated material thermodynamic database
development[158]. Beyond the thermodynamic properties, HTCs of DFT provide more fundamental
information (i.e., phase stability, lattice parameter, Poisson’s ratio, electron work function, bonding charge
density, and so on) to obtain unique/universal principles/criteria/figures for material design[160].
Compared with the experimental measurements, DFT calculations significantly reduce the time required to
obtain thermochemical data but still require considerable computer resources and time for each calculation.
Moreover, the number of calculations needed for a phase increases exponentially with the number of
sublattices and components[70]. It is necessary to develop a new generation of software tools that support
automated model selection, parameter optimization, and database development. Fortunately, the software
package, Extensible Self-optimizing Phase Equilibria Infrastructure, which is built on DFT data developed
by Bocklund et al.[180], offers a free and open-source tool for users to develop multicomponent databases.
When the subsystem is updated, the thermodynamic parameters of the higher-order systems can be
efficiently reevaluated, which reduces the time of database development.
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Figure 4. Flowchart of establishing the thermodynamic database in the framework of CALPHAD technique.

CASE STUDIES ON COMPUTATIONAL DESIGN OF CASTING ALUMINUM ALLOYS DRIVEN
BY CT, ML AND THEIR COMBINATIONS
Common applications of CT/ML techniques in different aluminum alloys

In recent decades, the CT technique has been widely used to study phase equilibria, predict the hot cracking
susceptibility, analyze grain refinement/modification, understand heat treatment mechanisms, and so on,
which may serve as a solid basis for the computational design of multicomponent aluminum alloys.
As is well known, it is crucial to understand the elemental interaction before alloy design. Selection of
suitable alloying elements and determination of the composition range are necessary steps to avoid the
formation of harmful phases. Lu et al.[167] developed a high-performance Al-Fe-Mg-Si alloy by selecting
stable phase regions, screening alloy elements, and determining the atomic ratio. As shown in Figure 5A,
the isothermal section calculation at 550 °C of the Al-Fe-Mg-Si system was used to design the Mg/Si atomic
ratio in this system. To ensure the full dissolution of Mg and Si atoms in the (Al) matrix, the phase region
with the Mg2Si and β-AlFeSi phases should be avoided. Therefore, the alloy composition should be in the
red area in Figure 5A, with the Mg/Si atomic ratio being between 1:1 and 2:1, set at 1.5:1 in their work.
Combined with the calculated vertical section of the Al-Fe-Mg-Si system shown in Figure 5B, β-AlFeSi
exists when the temperature is below 595 °C. Since the formation of β-AlFeSi cannot be avoided by
adjusting the solution temperature, the addition of other elements, such as Mn or Cu, is a better choice to
avoid the formation of β-AlFeSi.
For casting aluminum alloys, castability is an important criterion to evaluate the properties of alloys. The
crack susceptibility index of aluminum alloy provides useful information for avoiding the selection of alloy
components that are the most prone to cracking. Liu and Kou[89] evaluated the crack susceptibility index
map of Al-Cu-Mg systems with different Cu and Mg contents at three levels of back diffusion, i.e., no back
diffusion [Figure 6A], back diffusion under a cooling rate of 100 °C/s [Figure 6B], and back diffusion under
a cooling rate of 20 °C/s [Figure 6C]. The locations of high crack susceptibility regions were compared with
those observed in the experimental crack susceptibility tests [Figure 6D]. The calculated results with back
diffusion considered, with a cooling rate of either 20 °C/s or 100 °C/s, are in good agreement with the
measured values, indicating that the influence of back diffusion on the crack sensitivity can be evaluated by
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Figure 5. Calculated phase diagrams of the Al-Fe-Mg-Si system: (A) quasi-ternary isothermal section with fixed iron content of
0.3 wt% at 550 °C. The Mg/Si atomic ratios of red and blue dotted lines are 2:1 and 1:1, respectively. The red cross is the composition
with the same contents of Mg and Si as the finally designed alloy. (B) Vertical section of Al-1.05Mg-0.85Si-xFe (in wt%). Figure
reproduced from Ref.[167] with permission from Elsevier.

crack sensitivity index.
Modifying the microstructure of the target alloy is an efficient means to improve its properties. To design
ultrafine hypoeutectic Al-Cu-Si-Mg alloy with high performance, the solidification paths of Al-xCu-2.2Si1.0Mg (x = 5, 6.6, and 10.6 wt%) alloys with 20%, 25% and, 30% eutectic mixtures were simulated by
Cai et al.[181] by using the CT approach, as shown in Figure 7, the additional Cu content can significantly
influence the solidification sequences of Al-xCu-2.2Si-1.0Mg alloys. When the Cu content was 5.0 and 6.6,
there were four reactions in the alloys as the temperature decreased. In contrast, when the Cu content
increases to 10.6, there are only three reactions in the alloys. They argued that the Al-10.6Cu alloy with the
most eutectic mixture had the highest strength. Furthermore, the key experiments confirmed that the YS
and UTS increase with increasing eutectic fraction.
Most aluminum alloys are heat treatable; it is necessary to study the heat treatment mechanisms by the CT
technique. Recently, based on the TCAL thermodynamic database, the heat treatment mechanisms of
aluminum alloys were studied in detail by Chen et al.[182], as shown in Figure 8. First, the solution heat
treatment temperature of the Al-0.82Si-0.55Mg-0.016Cu-0.5Mn-0.2Fe (in wt%) alloy was screened by the
property diagram [Figure 8A]. When the temperature is higher than 440 °C, the Al9Fe 2 Si 2 phase is
completely dissolved in the (Al) matrix. To maximize the solubility of Mg and Si in the (Al) matrix to form
hardening precipitates, the solution temperature should be above 510 °C. It is worth mentioning that the
Al15Si2M4 phase cannot be completely dissolved in the (Al) matrix of this system, although the amount of
Al15Si2M4 phase decreases with increasing temperature. Moreover, a higher solution temperature leads to
higher energy consumption. Therefore, a solution temperature of 530 °C seemed to be a good choice and
was thus used in experiments[183]. Second, the kinetics of particle dissolution were used to estimate the
solution time of aluminum alloy. For instance, the dissolution behavior of (Si) particles in Al-0.8Si (in wt%)
alloy at different temperatures and time is presented in Figure 8B, and the volume fraction of (Si) particles
decreases with the increase of time. It is worth noting that when the solution temperature is 500 °C, (Si)
particles cannot be completely dissolved. When the solution temperature was 530 °C and 560 °C, (Si)
particles completely dissolved in the (Al) matrix at 103 s and 3.5·103 s, respectively. Finally, the aging
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Figure 6. Al-Cu-Mg crack susceptibility maps: (A) without diffusion; (B) with diffusion under 100 °C/s cooling rate; (C) with diffusion
under 20 °C/s cooling rate; (D) based on experimental crack susceptibility tests. High susceptibility region (> 5000 °C) in (C) is close
to region 12 in (D). Figure reproduced from Ref.[89] with permission from Elsevier.

Figure 7. Simulated solidification path (A) and tensile stress-strain curves (B) of die-casting quaternary Al-xCu-2.2Si-1.0Mg (x = 5, 6.6,
and 10.6 wt%) alloys. Figure reproduced from Ref.[181] with permission from Elsevier.
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Figure 8. CALPHAD method aided the design of heat treatment process in aluminum alloys: (A) property diagram selected the solution
heat treatment temperature of Al-0.82Si-0.55Mg-0.016Cu-0.5Mn-0.2Fe (in wt%) alloy; (B) DICTRA simulation the dissolution kinetics
of Si particle in Al-0.8Si (in wt%) alloys at different temperatures; (C) TC-PRISMA simulated the precipitates of β’’ in aluminum alloy.
Figure reproduced from Ref.[182] with permission from Elsevier.

treatment time can be designed through the precipitation simulation. Figure 8C shows that the radius and
aspect ratio of the β’’ phase in the Al-0.93Mg-0.61Si-0.26Fe (in wt%) alloy were predicted by precipitation
simulation, and the aging treatment time of this alloy was estimated to be 3.5 h. In conclusion, the property
diagram calculations, dissolution kinetic simulations, and precipitation simulations can provide theoretical
guidance for the precise design of the heat treatment process.
Nowadays, the data-driven machine learning method is an effective strategy for the quantitative analysis of
aluminum alloys. Jiang et al.[161] designed the ultra-strength and high-toughness aluminum alloys with a
property-oriented design strategy based on the ML technique, as shown in Figure 9. First of all, an ML
dataset containing 171 groups of reported alloy composition - property data was established. Then, an
MLDS was established to train the relationship between composition and properties, and the alloy
composition that met the required ductility and toughness was obtained. Finally, three key alloys were
prepared and compared with current state-of-the-art Al-Zn-Mg-Cu alloys. The results show that the alloys
predicted by the ML technique exhibit higher comprehensive performance, which proved the capability of
the ML technique in the accelerated discovery of high-performance aluminum alloys.
CT-driven design of Sc-additional casting Al-Si-Mg alloys

Alloying/microalloying has become the most promising strategy for microstructure modification and the
improvement of the mechanical properties in Al-Si-Mg casting alloys, among which the element scandium
(Sc) is especially powerful[36].
Very recently, Lu and Zhang[95] performed a CT-driven design of the optimal amount of Sc in A356 alloys,
as shown in Figure 10. First, a reliable thermodynamic database for the Al-rich Al-Si-Mg-Sc quaternary
system was established by using the CALPHAD method, and the solidification paths of A356 alloys with
different Sc contents were simulated, from which a solidification diagram of A356-xSc alloys was
constructed to examine the influence of Sc levels on the solidification sequences, solidified microstructure,
and constitutional supercooling of cast A356 alloys. In combination with the quantitative relationship
between the composition and microstructure of A356-xSc alloys and its qualitative relationship with
mechanical properties, it was determined that the A356-0.54Sc(wt%) alloy had the best microstructure and
mechanical properties, which was confirmed by subsequent experiments.
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Figure 9. Discovery of aluminum alloys with ultra-strength and high-toughness via a property-oriented design strategy: (A) rational
design approach of novel aluminum alloys with ultra-strength and high-toughness; (B) training results composition to property model;
(C) comparison of comprehensive properties between the novel ultra-strength and high-toughness aluminum alloys and the existing
high-strength and high-toughness aluminum alloy. Figure reproduced from Ref.[161] with permission from Elsevier.

Moreover, the successful application in Sc-additional A356 alloy indicates that the established
thermodynamic database of the Al-Si-Mg-Sc quaternary system should be reliable over a wide range of
components, which may cover all Al-Si-(Mg) casting alloys[162]. As presented in Figure 11, four typical
solidification diagrams (i.e., A356-xSc, A357-xSc, A360-xSc, and A380-Sc) were constructed by a large
number of Scheil-Gulliver solidification curves, from which the optimal Sc content in a series of
hypoeutectic Al-Si-(Mg) alloys with the best mechanical properties was determined, and validated by
solidified microstructure measurements and mechanical property analysis.
Furthermore, the underlying strengthening and toughing mechanisms for Sc-modified Al-Si-Mg casting
alloys were proposed by Lu et al.[162]. As displayed in Figure 12, the refinement of the eutectic (Si) plays an
important role in the enhancement of the alloy strength and ductility. Second, the appearance of fine
hardening AlSc2Si2 particles by the addition of Sc was another reason for the strengthening and toughing of
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Figure 10. Computational alloy design of Sc-additional A356 cast alloys driven by CT approach. (A) Schematic diagram of the
thermodynamic database of the Al-Si-Mg-Sc quaternary system; (B) the solidification curve and diagram of Sc-additional A356 alloy;
(C) microstructures and mechanical properties of Sc-additional A356 alloys. Figure reproduced from Ref.[95] with permission from
Elsevier.

Figure 11. High-throughput design and experimental verification of Sc-additional Al-Si-Mg series casting alloys due to the CT approach:
(A-D) are the solidification diagrams of A356-xSc, A357-xSc, A360-xSc, and A380-xSc, respectively; (E-H) are the ultimate strength,
yield strength, elongation and hardness of Sc-additional casting aluminum alloys, respectively. Figure reproduced from Ref.[162] with
permission from Elsevier.

Al-Si-Mg casting alloys. Last but not least, the high density of dislocations at the grain boundaries due to the
occurrence of a partially coherent AlSc2Si2 phase with the (Al) matrix leads to an improvement in the
mechanical properties of Sc-modified Al-Si-Mg alloys.

Page 18 of 31

Yi et al. J Mater Inf 2021;1:11

https://dx.doi.org/10.20517/jmi.2021.10

Figure 12. (A) OM image of A356-0.54Sc (wt%); (B) BES image of A357-0.5Sc alloy (wt%); (C) TEM bright field image of the primary(Al)/AlSc2Si2/eutectic-(Al); (D) HRTEM image of A region marked with white box in (C). Figure reproduced from Ref.[95,162] with
permission from Elsevier.

To further improve the mechanical properties of Sc-modified A356 cast alloys, it is necessary to optimize
the heat treatment mechanisms. Based on the thermodynamic database of the Al-Si-Mg-Sc quaternary
system established by Lu and Zhang[95], the property diagram of A356-0.54Sc alloy was calculated by
Liu et al.[102], and a temperature of 535 °C for the solution and 180 °C for aging (T6) seemed to be a good
compromise for A356-0.54Sc alloy and was thus employed in experiments, as shown in Figure 13. The UTS,
YS, and EL of the A356-0.54Sc alloy during the T6 heat treatment are 331MPa, 263MPa, and 12%,
respectively, which are 29.8%, 94.8%, and 9.1% higher than those of the original cast alloy.
Design of Sr-modified casting A356 alloys driven by combining CT and ML

As discussed above, the quantitative relationship of “Composition - Process - Microstructure - Properties”
of casting aluminum alloys can be established by combining CT and ML techniques to develop highperformance alloys efficiently. A nice example in the design of Sr-modified casting A356 alloys was reported
very recently by the present authors[168,184]. First, a reliable thermodynamic database for the Al-rich Al-SiMg-Sr quaternary system was established, from which the quantitative relationship between the
composition and microstructure of the A356-Sr system was constructed. Combining the calculated
phase/microstructure data with the measured experimental mechanical properties, the ML technique was
applied to the Sr modification of A356 alloys in the framework of computational alloy design. The
quintessence is depicted in Figure 14.
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Figure 13. Optimization of solution and aging temperatures of A356-0.54Sc (Al-7.0Si-0.4Mg-0.54Sc, in wt%) alloy driven by CT
approach, and the corresponding experimental verification. (A) Calculated property diagram of A356-0.54Sc alloy; (B) measured
mechanical properties of A356-0.54Sc alloys with different treatments; (C-F) backscattered electron images of A356 alloys with
different heat treatments. Figure reproduced from Ref.[102] with permission from Elsevier.

Figure 14. Strategic workflow for the alloy design approach driven by combing computational thermodynamic and machine learning
techniques. Figure reproduced from Ref.[168] with permission from Elsevier.

To establish the self-consistent thermodynamic database of the Al-rich Al-Si-Mg-Sr quaternary system, all
the thermodynamic parameters of six boundary binaries, i.e., Al-Si, Al-Mg, Al-Sr, Mg-Si, Mg-Sr, and Si-Sr
were first unified. Subsequently, the thermodynamic parameters for the Al-Si-Sr and Al-Mg-Sr systems
were reassessed using the CALPHAD method based on all critically reviewed experimental phase equilibria
and thermodynamic property information[184]. Then, the thermodynamic database for the Al-Si-Mg-Sr
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quaternary system was established by combining the four ternary subsystems, and the phase
equilibria/thermodynamic properties of the quaternary system were predicted via direct extrapolation from
the ternary systems.
To design the optimal amount of Sr in A356 alloys, Yi et al.[168] proposed an efficient approach by combining
CT and ML techniques. As presented in Figure 15. the phase/microstructure fraction in different Srmodified A356 alloys predicted from the Scheil-Gulliver solidification simulations based on the reliable
thermodynamic database, combined with the measured mechanical properties of the alloy, were used as the
input data in the machine learning model to establish the quantitative relation of “Composition - Process Microstructure - Properties” in Sr-modified A356 alloys, from which two critical points of Sr-modified
A356 alloys were predicted. The content of Sr in A356 alloys with the best comprehensive performance was
determined to be 0.005 wt%, which was then verified by key experiments.
Furthermore, the strengthening and toughing mechanisms of the Sr-modified A356 alloys were further
studied based on the quantitative “Microstructures - Properties” matrix. As displayed in Figure 16, the
contribution to the strength in Sr-modified A356 alloys mainly comes from the eutectic structure (Al) + (Si),
while the contribution to the elongation is mainly due to primary α-(Al) and soft Al2Si2Sr compounds.
The successful design of Sr-modified Al-Si-Mg casting alloys by combining CT and ML shows that such a
combinatorial approach can provide a standard scheme for the efficient and accurate design of cast
aluminum alloys.

CONCLUSIONS & PERSPECTIVES
This paper comprehensively reviews the state-of-the-art computational alloy design approaches driven by
CT and ML techniques as well as their combinations. Successful case studies on the design of different
aluminum alloys driven by CT, ML, and their combinations were demonstrated, including common
applications, CT-driven design of Sc-additional Al-Si-Mg series casting alloys, and design of Sr-modified
A356 alloys driven by combing CT and ML. To sum up, the following three conclusions can be drawn:
(1) The CT approach based on an accurate thermodynamic database in the framework of CALPHAD
technique can be used to efficiently predict different factors determining the as-cast microstructure of
casting alloys, like the castability, the crack susceptibility index, the growth restriction factor, and so on,
which definitely benefits for the common alloy design. The quantitative relation of “Composition - Process Microstructure” can also be established by CT technique for casting aluminum alloys, from which the
successful design of Sc-additional Al-Si-Mg series casting alloys was demonstrated, with the aid of the
empirical relation of “Microstructure - Properties”. Moreover, with the property diagram computed from
the CT approach, the optimal solid solution and aging temperatures for Sc-additional Al-Si-Mg series
casting alloys were also designed.
(2) The data-driven ML techniques can be used to effectively construct the relation between any two types
of variables without knowing their physical connection in advance, and thus widely utilized in the alloy
design, as demonstrated in several common applications in aluminum alloys. Moreover, the ML techniques
might also be responsible for refining the basic features behind repetitive but expensive operations,
especially when the interpolations are needed in high-dimensional spaces. However, a large dataset is
typically needed for a reasonable ML prediction.
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Figure 15. Alloy design of Sr-modified A356 alloys driven by combing computational thermodynamic and machine learning techniques.
(A) Fraction of different phases/structures in Sr-modified A356 obtained by CT; (B) measured and training mechanical properties of
A356-xSr alloys. (C) Quality index [QDJR = UTS + 150·log(EL)] of Sr-modified A356 alloys computed from the predicted and the
experimental data. (D) Experimental verification of the predicted optimal Sr additional content (i.e., 0.005 wt%) and corresponding
best mechanical properties. Figure reproduced from Ref.[168] with permission from Elsevier.

(3) The combination of CT and ML techniques was highly proposed in this review for efficiently
constructing the quantitative relation of “Composition - Process - Microstructure - Properties” for the
casting aluminum alloys, from which a successful design of Sr-modified A356 alloys was demonstrated even
with a small dataset. Moreover, the “Microstructure-Properties” matrix training by ML may further provide
a feasible means for understanding the strengthening/toughening mechanisms of casting aluminum alloy.
Thus, such a combination of CT and ML is anticipated to boost the concept design of cast aluminum alloys
for various industrial applications.
In the pursuance of further advance the field of combing CT and ML techniques for alloy design, the
following points are highly recommended to follow up:
The first point that remains under further improvement is to improve the efficiency of alloy design and
accelerate the alloy design process. HTCs are time-consuming, and the efficient management of the
calculation tasks and the post-processing of calculation results of HTCs are still challenging. Recently, a
machine learning accelerated distributed task management system (Malac-Distmas) was developed in our
research group to realize the HTCs and storage of various data[185], as shown in Figure 17. The ML technique
was also embedded in Malac-Distmas to densify the output data, reducing the amount of calculation, and
achieving the acceleration of HTCs. Combining Malac-Distmas with different thermodynamic calculation
software, HTCs and storage of the Gibbs energy, phase diagram, Scheil-Gulliver simulation, as well as
property diagram were performed, which may accelerate the concept design of casting aluminum alloys.
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Figure 16. Relations between different mechanical properties and volume fractions of different phases/structures after standardization
due to ML technique. (a) primary α-(Al); (b) eutectic (Al); (c) eutectic (Si); (d) Al2Si2Sr. Figure reproduced from Ref.[168] with
permission from Elsevier.

Figure 17. Framework of the Malac-Distmas and its application to high-throughput computational thermodynamics. Figure reproduced
from Ref.[185] with permission from Elsevier.

The second point is to extend this combinatorial approach in the design of post-heat treatment mechanisms
for casting aluminum alloys. Contrary to the alloy design in the casting process, there are few reports on the
design of heat treatment mechanisms by combining computational thermodynamics and machine learning
techniques, except for common applications of CT in designing the solution and aging temperatures[102].
Very recently, some efforts have been made on the design of heat treatment mechanisms driven by the ML
technique in our research group, as indicated in Figure 18. First of all, a suitable ML model should be
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Figure 18. Heat treatment process design of Sc-modified A356 casting alloys driven by ML technique: (A) schematic diagram of the ML
model structure; (B) schematic diagram of the model design principle; (C) effects of solution/aging treatment time on UTS, YS, and EL
of A356-0.54Sc alloy driven by ML technique.

selected before training. As shown in Figure 18A, an ML model pool containing several blank ML models
was established by evaluating and comparing all the ML training results in the ML model pool. The model
with the smallest training error value and the most concentrated training data was chosen as the optimal
one. Here, the ANN model based on the multilayer perceptron was designed, as shown in Figure 18B, and
an error matrix was embedded in the machine learning model to solve the under-fitting and over-fitting
problems in the machine learning design process of small datasets. The effect of solution/aging time on the
mechanical properties (i.e., UTS, YS, and EL) of A356-0.54Sc cast alloy predicted by the ML method was
presented in Figure 18C, according to the relation between the solution/aging time and mechanical
properties of casting aluminum alloy. Then based on Figure 18C, one can quickly select the solution/aging
time with their required properties while saving energy and reducing emissions. Thus, a combination of CT
and ML seems very promising to perform the accurate/efficient design of the post-heat treatment
mechanisms of casting aluminum alloys.
The last but not the least point is to extend this method to different manufacturing processes, such as highpressure casting, additive manufacturing, and so on. Temperature and pressure are the two important
parameters that affect the solidification behavior of alloys. When the alloy is solidified under high pressure,
not only the grain size of the alloy can be effectively reduced, but also the phase structure and composition
can be adjusted. As shown in Figure 19A and B, the primary phase of Al-20wt%Mg2Si alloy solidified at
1 bar is Mg2Si phase and transforms into α-Al phase at 3 GPa[22]. Moreover, the pressure further promotes
the refinement of the eutectic Mg2Si phase. Based on the thermodynamic database of the Al-Si-Mg system
under pressure recently established in our research group, the solidification curves of Al-20wt%Mg2Si alloy
at 1 bar and 3 GPa were simulated and presented in Figure 19C and D. As can be seen in the figure, the
microstructure evolution of Al-20wt%Mg2Si alloy under different pressures can be well simulated by the CT
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Figure 19. Experimental solidification microstructures and simulated solidification curves of Al-20wt% Mg2Si alloy under different
pressure: (A) solidified microstructure of Al-20wt% Mg2Si alloy at 1 bar[22], (B) solidified microstructure of Al-20wt% Mg2Si alloy at
3GPa[22], (B) Scheil-Gulliver solidification curve of Al-20wt% Mg2Si alloy at 1 bar, (D) Scheil-Gulliver solidification curve of Al-20wt%
Mg2Si alloy at 3GPa. The solidification microstructure were reproduced from Ref.[22] with permission from Elsevier, and the solidification
curves were simulated in the present work.

technique. In addition, the phase transition temperature, solidification sequence, and solid fraction of the
alloys under pressure can be obtained efficiently by the CT technique. If a combination of CT and ML is
feasible in this direction, it will be of great significance to the design of aluminum alloys fabricated via highpressure casting.
Undoubtedly, additive manufacturing technology brings great opportunities for the manufacture of metal
structure products, especially those with complex structures. Currently, there is a lack of special aluminum
alloy for additive manufacturing. The traditional aluminum alloys used in additive manufacturing have the
problem of high cracking tendency and columnar grains formation. Therefore, it is urgent to develop
aluminum alloys for additive manufacturing. Recently, Zhang et al.[186] designed a crack-free Ti-modified
Al-Cu-Mg alloy for selective laser melting alloy with the help of CT technique, as presented in Figure 20.
The calculated results indicated that Ti content has little effect on the hot crack susceptibility while having a
strong impact on the growth restriction of α-Al grains, which was verified by subsequent experiments. It can
be seen in Figure 20C and D that with the addition of Ti element, the microstructures of α-Al in Al-Cu-Mg
alloys were modified from coarse columnar grains into fine equiaxed grains. It is highly expected that a
combination of CT and ML may realize the accurate and efficient computational alloy design for additive
manufacturing.
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Figure 20. CT-driven design and experimental verification of additive manufactured Ti-modified Al-Cu-Mg alloys: (A) T vs. (fs)1/2
curves of Al-Cu-Mg-xTi alloys with Ti contents ranging from 0 to 2 wt%; (B) calculated Qtrue values in Ti/Al-Cu-Mg alloys for
constrained L→α-Al solidification with Ti contents ranging from 0 to 2 wt%; EBSD orientation maps from side view of SLM-fabricated
(C) Al-Cu-Mg and (D) Ti-modified Al-Cu-Mg alloys. Figure reproduced from Ref.[186] with permission from Elsevier.
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