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Abstract: A machine learning-based alloy rapid design system (ARDS) was proposed to customize the preparation
strategies for the desired properties or predict the alloy properties following the preparation strategies. For achieving
this, three regression algorithms: linear regression (LR), support vector regression (SVR), and back propagation neural
network (BPNN), were employed separately to train the multi-property prediction model, in which the machine learning
(ML) model built using SVR was proved to be the best. Then, inspired by the generative adversarial network (GAN)
algorithm, the ARDS was constructed. The predictive reliability of ARDS was examined, and for the accurate
prediction of the preparation strategies, the upper limits of ultimate tensile strength (UTS), yield strength (YS), and
elongation (EL) are about 790 MPa, 730 MPa, and 28%, respectively. Moreover, an ARDS-designed aluminum alloy
with superior mechanical properties (764 MPa for UTS, 732 MPa for YS, and 10.1% for EL) was experimentally
fabricated, further verifying the reliability of ARDS.
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1 Introduction

Al-Zn—Mg—Cu alloys, as multi-component
aging alloys with excellent specific strength ratios,
corrosion resistance, and low density, have been
widely used in the aviation industry [1-3]. Currently,
higher requirements are put forward on the properties
of Al-Zn—Mg—Cu alloys to meet the development
of the aviation industry, especially for strength and
toughness. Fundamentally, the primary methods to
enhance the performance of Al-Zn—Mg—Cu alloys
mainly include the composition design, the control
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of advanced processing techniques [4]. The emergence
of some advanced processing technologies can
certainly improve the performance of Al—Zn—
Mg—Cu alloys, such as severe plastic deformation
(SPD), which has realized the
improvement in strength and plasticity [5]. However,
these techniques are always defective in high costs,

concurrent

complex operations, and limited product sizes [6,7].
On the other hand, optimizing the material
composition and establishing reasonable heat
treatment strategies are two practical methods
to improve the performance of the AlI-Zn—-Mg—Cu

Corresponding author: Jiao ZHANG, Tel: +86-15801852318, E-mail: zj119@sjtu.edu.cn;
Yong-bing DAI, Tel: +86-13661593351, E-mail: ybdai@sjtu.edu.cn

DOI: 10.1016/S1003-6326(23)66429-5

1003-6326/© 2024 The Nonferrous Metals Society of China. Published by Elsevier Ltd & Science Press
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)



710 Yong-fei JUAN, et al/Trans. Nonferrous Met. Soc. China 34(2024) 709723

alloys [8]. Nevertheless, the trialing scope of the
unexplored element contents and heat treatment
parameters is extensive for Al-Zn—Mg—Cu alloys,
causing the routine trial- and-error method to be
time-consuming and laborious. Following this, it
must be meaningful to implement an intelligent
design system for Al-Zn—Mg—Cu alloys.

Machine learning (ML) method, which can
efficiently promote materials discovery based on
plentiful algorithms and the strong ability in
multi-dimensional modeling, has recently attracted
considerable interest in materials research [9—12].
The current ML applications concerning the Al—
Zn—Mg—Cu alloys mainly focus on the optimization
of the heat treatment processes [13,14] and alloy
properties, such as stress corrosion cracking
resistance [15], ultimate tensile strength [16], and
hardness [17]. However, the study on multi-
property prediction is still scarce for Al-Zn—
Mg—Cu alloys due to the complex and nonlinear
relationship between the preparation strategies
and material properties, especially for the strength
and elongation, which are wusually mutually
exclusive [18,19]. Besides, different applications
have different requirements on alloy properties. For
example, the wing spar requires higher strength
than the fuselage, and the latter requires higher
corrosion resistance [1,2].

To address the above-mentioned limitations
and facilitate the rational design of Al-Zn—-Mg—Cu
alloys, an alloy rapid design system (ARDS) for
Al-Zn—Mg—Cu alloys was constructed in the
present work based on the ML method, which can
be used to customize the preparation strategies for
the desired properties or predict the properties
following the preparation strategies.

Data collecting

Elements:
Al, Zn, Mg, Cu ...35 elements

Heat treatment:

Solution/Aging treatment
...30 parameters

Properties:
Strength, elongation,
hardness...10 properties

greater than 100 and
average content more
than 0.01 wt.%

v' The selection for heat
treatment strategy |:||]:|

v" The most concerned

properties in the work
J K /

2 Data collection and processing

2.1 Data preparation

It is widely acknowledged that data quality and
feature selection determine the upper limit of the
ML model, and the ML models can only approach
this limit. Abundant studies for Al-Zn—Mg—Cu
alloys have been accumulated in recent decades,
providing a data basis for applying ML methods.
Herein, the preserved data were only Al-Zn—
Mg—Cu alloys synthesized by traditional casting.
Then, further requirement is that the details of alloy
composition, processing technology, and material
properties must be provided simultaneously in the
studies. After preliminary screening, the dataset
corresponding to the Al-Zn—Mg—Cu alloys,
containing element contents, processing technology,
and material properties, was successfully
aggregated. The creation process of the dataset is
illustrated in Fig. 1. The basic data were collected
from 314 papers, whose sources are listed in
Supplementary Materials.

Through the analysis of the alloy compositions
in the retrieved literature, a total of 24 elements, i.e.,
Al, Zn, Mg, Cu, Zr, Si, Fe, Mn, Ti, Cr, Sc, La, Er, Y,
Be, Pr, Yb, Ag, Ni, Ce, Li, Sr, Gd, and Sn, were
selected as the initial composition features. Solution
temperature and time, aging temperature and time
were defined as the initial features of heat treatment
parameters. For property features, in addition to the
tensile strength and elongation, the other ones, such
as yield strength, hardness, fracture toughness, and
grain size, were also collected simultaneously.
Next, the original dataset was further cleaned. The
elements (Cu, Mg, Cr, Zn, Zr, Sc, Al) that appear

Data cleaning Standardizing
1967
v" Elements with quantity samples

Preparation
condition

{ Properties J

Fig. 1 Generation process of AlI-Zn—Mg—Cu alloys dataset
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more than 100 times with the average content being
greater than 0.01 wt.% were selected as the final
composition features. The single-step solution and
aging were adopted as the heat treatment features
since multi-stage heat treatment data are relatively
few. The ultimate tensile strength, yield strength,
and elongation, being the most concern to this work,
were selected as property features. After verifying
the reliability of the dataset, the standard scalar
method was adopted to conduct the standardized
processing of the dataset, and the features were
normalized to [—1,1]. Then, the dataset containing
1967 labeled samples composed of the element
contents, heat treatment parameters, and material
properties was established.

2.2 Database analysis

Scatter plots for the relationships between the
properties and the contents of major elements in the
dataset are shown in Figs. 2 and 3, which indicate
that the content of Zn has a positive effect on the
ultimate tensile strength, while the effect is negative
for the elongation. Figure 4 shows the relationships
between the properties (ultimate tensile strength,
yield strength and elongation), where ultimate
tensile strength is positively correlated with yield
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strength but negatively with elongation. The
relative distribution frequencies of the significant
elements and properties are shown in Fig. 5,
together with their Gaussian fitting. The content
(wt.%) ratios of Zn/Mg, Mg/Cu, and (Zn+Cu)/Mg
at the curve peaks are 2.5, 1.5, and 3.2, respectively,
which are in good agreement with the other studies
on Al-Zn—Mg—Cu alloys [20—22]. Meanwhile, the
ranges between the upper and lower limits of the
features are wide enough, as shown in Table 1 and
Table 2, allowing the discovery of new materials
with the desired properties.

3 Model development

In the present work, our goal is to develop
an alloy rapid design method, which can be
applied to customizing the preparation strategies
for the desired properties or predict the properties
following the preparation strategies.

3.1 Multi-property prediction model

Three ML algorithms, including linear
regression (LR), support vector regression (SVR),
and back propagation neural network (BPNN), were
served to train and build the multi-property prediction
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Fig. 2 Scatter plots showing relationships between UTS and Al (a), Zn (b), Mg (c), and Cu (d) contents (Pearson R

refers to the correlation coefficient)
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Fig. 3 Scatter plots showing relationships between EL and Al (a), Zn (b), Mg (c), and Cu (d) contents
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Fig. 4 Scatter plots showing relationships between UTS and YS (a), and UTS and EL (b)

Table 1 Analysis results of element contents and heat treatment parameters in dataset (7" and ¢ symbolize the
temperature and time, respectively; subscripts ST and AT represent the solution and aging treatments, respectively; MIN,

MAX and AVG indicate minimum, maximum and averaging values, respectively)

Element content/wt.%

Heat treatment parameter

Item

Al Zn Mg Cu Zr Sc Tst/°C tst/h Tar/°C tat/h
MIN 80 2.5 0.6 0.1 0 0 420 0.2 25 0.1
MAX 94.2 16.1 4.7 2.7 0.3 0.6 520 48 240 190
AVG 89.2 6.3 2.2 1.7 0.1 0.1 470.7 2.2 121.8 23.2
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Fig. 5 Relative distribution frequencies of major element contents and properties: (a) Al; (b) Zn; (c) Mg; (d) Cu;

(e) UTS; (f) EL

Table 2 Analysis results of main properties in dataset
(Hy and o represent the hardness and conductivity,

respectively)
Item UTS/MPa YS/MPa EL/% Hyv o/(Sm™)
MIN 134.6 200 02 95 9
MAX 8294 807 38.8 2556 445
AVG 566.5 509.6 114 167.3 31

model. This model is named S-P, where S and P
refer to the preparation strategies and material
properties, respectively. The preparation strategies,
which consisted of element contents and heat
treatment parameters, are the input features of the
model and material properties are the output ones.
The reason for choosing LR, SVR and BPNN is

that these three algorithms can solve the function
problems in three different dimensions, namely
linear function (LR), quadratic function (SVR) and
high-dimensional function (BPNN), and show a
progressive relationship. Firstly, a grid search was
performed in this work to determine the best
parameter for the SVR algorithm. Through the
contrastive analysis, the ratio of training set to test
one was set to be 7:3. Meanwhile, the regularization
method was applied in the LR model to avoid
over-fitting [23]. The optimization process for the
BPNN algorithm was more complicated than those
for SVR and LR. The reason was that the network
structure in BPNN could be variable in the number
of layers and nodes. We need to optimize BPNN
with one or two hidden layers while the number of
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nodes should be changed to reduce the deviations of
BPNN; meanwhile, the iteration times and learning
rate would significantly change in this process.
Consequently, the hyperparameters such as network
structure, iteration times, and learning rate all
play crucial roles in the accuracy of the BPNN
algorithm [24]. However, different from SVR and
LR, there was no systematic theory for optimizing
the BPNN. In this work, after repeated trial and
verification, a three-layer neural network structure
of 12-16-3 and a learning rate of 0.0035 were
finalized to achieve high model performance.

As illustrated in Fig. 6, the predicted values
via the three algorithms are compared with the
actual values, and the deviations for both training
and testing sets are listed in Table 3. It can be found
that the relative errors and the deviations of SVR
are the least. It is considered that SVR with the

Yong-fei JUAN, et al/Trans. Nonferrous Met. Soc. China 34(2024) 709723

kernel function can construct data from the original
space to higher dimensional feature space, sharing
the advantages of dealing with scattered samples,
nonlinearity, and high dimension, which meets our
demands in this work. Following this, the S-P
model was built based on the SVR algorithm.

3.2 AI-Zn—Mg—Cu alloy rapid design system
The three ML algorithms (LR, SVR, BPNN)
were also employed to train and build the
preparation-strategy prediction model, P-S model.
However, the predicted results of P-S were far from
reality, no matter which algorithm was adopted.
There were even some negative values in the
solution time and the element content of Cr. To
solve this problem, we proposed an alloy rapid
design system (ARDS), as described in Fig. 7, by
referring to the idea of the generative adversarial
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Fig. 6 Predicted results of three ML models compared with actual ones: (a, b, ¢) UTS; (d, e, f) YS; (g, h, i) EL (RE

represents the relative error)
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network (GAN) algorithm [25]. GAN has two main
parts, including the generative and the
discriminative models. The task of the generative
model is to generate instances similar to the original
data. The discriminant model is employed to judge
whether the given instance is trustworthy and
reliable. Therefore, the principle of the GAN
algorithm is in line with our original intention for
alloy design. WANG et al [26] reported a design
strategy for copper alloys, whose inspiration also
seems to come from the GAN algorithm. In our
system, the preparation strategies were predicted
firstly by the P-S model based on the target
properties, and then the strategies were input into
S-P model. Afterward, the predictions of the S-P
model were compared with the target properties,
and the deviation for each property was calculated
by the formula: |4—BJ/B, where A4 is the prediction
value and B is the target value. The preparation
strategy was output as Result-1 when the deviation
for every property was less than a predefined
threshold (PT), which was selected to ensure that
the results were accurate. Otherwise, the ARDS
system would continue trial and error.

The prediction system is almost impossible to
succeed when the target properties deviate too
much from those appeared in the dataset. Thus, the
largest number of training times (LNTT) should be
set to terminate otherwise endless trialing. If any of
the LNTT training cycles, there is always a
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deviation for any of the properties bigger than PT,
then the preparation strategy with the summed
deviations for properties being minimum through
LNTT cycles was output as Result-2. In this work,
the value of PT was set to be 0.05 after a careful
examination, which is appropriate for ARDS. The
value of LNTT was set as follows: Firstly, the
dataset was split into training and test sets with six
different ratios, 1.e., 9:1, 8:2, 7:3, 6:4, 5:5, and 4:6.
Then, for each split way, the training set was
randomly chosen from the dataset for 50 times.
While one training for the whole dataset was also
included, an LNTT value of 301 was obtained. This
value was found to be a relatively good choice
concerning the predictive ability and efficiency
after trying other LNTT values, e.g., 241, 361 and
421. At last, the system was checked with its P-S
model built by different algorithms. It was found
that the system performed best in both efficiency
and accuracy when the P-S model was built by the
SVR algorithm. For instance, when target properties
were set as follows: ultimate tensile strength of
700 MPa, yield strength of 650 MPa and elongation
of 10%, the system output the preparation strategy
as Result-1 by only one training cycle if SVR
algorithm was applied, but by more than seven
training cycles if BPNN or LR algorithm was
applied. So, both S-P and P-S models in the ARDS
were constructed based on the SVR algorithm.
Compared with the work of WANG et al [26] the

Table 3 Deviations of training and test sets for three ML models (Train-error and Test-error represent deviations of

training and test sets, respectively)

Model Train-error of UTS Test-error of UTS Train-error of YS Test-error of YS Train-error of EL Test-error of EL

LR 0.0810 0.0824 0.1007 0.1047 0.2409 0.2582
SVR 0.0125 0.0569 0.0457 0.0626 0.0428 0.1931
BPNN 0.0586 0.0683 0.0754 0.0781 0.2385 0.2585
\\\ Input Retraining e Output
Preparation strategies Jc— ML model [|[¢=————— Trammth}es/7> Result-2
No >LN Yes -
o
Input Output
T — N
Output
v
= I \ ks Output
Predicted rti = { VS ) eviation >
redicted properties J < i V . esult

Fig. 7 Running steps of ARDS (The system outputs two types of results, i.e., Result-1 and Result-2)
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difference of ARDS lies in the addition of heat
treatment parameters in the preparation strategy and
the discussion on more algorithms. Besides, the
video demonstrations of the prediction processes
are attached as supplemental materials (see
“Operation interface for S-P” and “Operation
interface for P-S” in the Supplemental Materials).

3.3 Practicability and validity of ARDS

In order to check whether the ARDS has
achieved the design purpose, we compared the
prediction results with the experimental data from
the literature.

Firstly, the predictive ability for material
properties was checked, where only the leftmost
part enclosed by the dashed line in Fig.7 was
employed. Based on the analysis of the dataset and
considering that Zn is the critical element affecting
the performance of Al-Zn—Mg—Cu alloys [27,28],
six groups of prediction schemes (Gropes 1%-6" in
Table 4) were designed following the Zn content
increasing from 6.0 wt.% to 8.5 wt.% with an
interval of 0.5 wt.%. The properties predicted
according to the six groups of preparation strategies
were compared with the experimental data outside
the dataset [29—34], as described in Table 4. It is
clear that the predicted results are in good
agreement with the actual values.

The ability of the system to predict the
preparation strategies was also tested with

properties as the input. The range of tensile strength,
one of the most important properties of Al-Zn—
Mg—Cu alloys [35—37], was set to be 580—780 MPa
with an interval of 40 MPa. The values of the
corresponding yield strength and elongation were
designated following the linear relationships shown
in Fig. 4. Based on this, six groups of properties
were determined, as shown in Table 5, the average
values obtained in five predictions were taken as
the final results, where the preparation strategies
predicted by the system are generally in line with
the experimental data [38—43], thus verifying the
practicability and validity of the design system
again.

Though the predictions shown in Table 5 may
be encouraging, it should be pointed out that, for
Groups 1%-5%, all the predictions were those output
as Result-1, but for Group 6%, i.e., the ultimate
tensile strength increased to 780 MPa, among five
predictions, two were output as Result-2. This
observation implies that the prediction range of the
system is not boundless, as can be deduced from the
scarcity of data with ultimate tensile strength higher
than 800 MPa in the original dataset (see Fig. 5(e)).
Obviously, for the system, the upper limits of
properties for achieving accurate predictions of the
corresponding preparation strategies do exist. By
utilizing experimental data outside the dataset,
including some newly collected [44—48] and some
shown in Table 5, the upper limits were checked in

Table 4 Comparison of properties predicted according to six preparation strategies with experimental data (The Zn

content is changed from 6 wt.% to 8.5 wt.% with an interval of 0.5 wt.%)

Group Element content/wt.% Heat treatment parameter Property (output)
No. Cu Mg Cr Zn Zr Sc Tst/°C  tst/h Tar/°C  tar/h UTS/MPa  YS/MPa EL/%
1# 2.00 200 0 6.00 0 0 470.0 1.0 120.0 24.0 557.0 514.0 16.4
Ref. [29] 2.12 220 0 6.06 0.11 0 473.0 1.0 120.0  24.0 562.0 525.0 -
2% 2.00 250 0 650 0 0 470.0 1.0 120.0 24.0 594.6 570.7 133
Ref. [30] 2.20 235 0 640 O 0 475.0 0.5 120.0  24.0 610.2 534.8 15.9
3# 2.00 200 0 7.00 0 0 470.0 2.0 120.0 24.0 622.6 591.3 11.2
Ref. [31] 1.20 2.00 0.1 7.20 0.10 0 470.0 2.0 120.0 24.0 613.5 571.2 10.7
4# 200 250 0 7.50 0.10 O 470.0 2.0 120.0 24.0 651.2 613.4 9.8
Ref. [32] 1.24 220 0 7.60 0.13 0 470.0 2.0 120.0  24.0 638.0 556.0 10.2
5% 2.00 250 0 8.00 0.10 0.11  470.0 2.0 120.0  24.0 695.1 655.7 10.8
Ref. [33] 242 198 0 791 012 0 475.0 1.0 120.0 24.0 704.0 660.0 9.7
6" 2.00 250 0 850 0.11 0.12 475.0 2.0 120.0 24.0 727.8 694.0 10.1
Ref. [34] 2.16 2.38 0.17 8.53 0.16 0 480.0 2.0 130.0 24.0 743.9 728.1 9.2
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Table 5 Comparison between preparation strategies predicted by ARDS and published experimental data (The ultimate
tensile strength is changed from 580 to 780 MPa with an interval of 40 MPa)

Grope Property (input) Element content/wt.% Heat treatment parameter
No. UTS/MPa YS/MPa EL/% Cu Mg Cr Zn Zr Sc Tst/°C tst/h Ta1/°C  tar/h
1* 580 540 13 1.74 2.07 001 623 011 O 470.1 1.5 119.8 238
Ref. [38] 583 502 12 1.5 258 019 6 0 0 480 1 120 24
2" 620 580 12 1.84 208 0 679 0.1 001 4705 19 120 239
Ref. [39] 616 553.5 12.7 153 168 0 755 011 O 470 2 135 20
3* 660 620 11 1.85 225 0.01 7.81 0.09 0.01 470 2 120 239
Ref. [40] 643.2 607.2 14.6 21 1.8 0 8§ 018 0 470 1 121 24
4* 700 660 10 201 229 001 819 0.09 0.09 4726 21 1201 24
Ref. [41] 709.7 683.6 8.9 22 25 0 86 0.16 0 480 2 130 24
5* 740 700 9 2.16 22 0 874 0.11 0.1 473 2.1 1205 245
Ref. [42] 734 644 9.8 226 196 0 7.87 0.1 0.11 480 1 120 24
6" 780 740 8 22 231 0 9.8 0.13 022 4742 2 120 242
Ref. [43] 783.9 8.5 248 252 0 889 0.17 0.61 455 2 120 24

this work. The experimental properties were input
as the target ones (see Fig. 7), then the
corresponding preparation strategies were predicted
via the system. The relative deviation (Ad) between

the predicted and experimental preparation
strategies was calculated as follows:
To —Tg |t” —tg |Tp N
Ad =St st | |fst TSt ] T AT ToAT
oo | o | TR |
tho -ty n P —cf
AT “aT
e +Z l e l (1)
Lot i:l‘ c; ‘

where superscripts p and e refer to the prediction
and experiment, respectively; n stands for the
number of the critical elements for Al-Zn—Mg—Cu
alloys; ¢ denotes the element content.

Five predictions were performed as before, and
the averaged results Ad are presented in Fig. 8.
As can be found from Fig. 8, for any of the
properties, with an increasing value of it, Ad
firstly fluctuates around a relatively small value,
and after a critical value of the property, it rises
quickly. At the same time, the circle shown in the
figure changes from filled to partially filled one,
demonstrating that more and more predictions are
those output as Result-2. It can be concluded from
Fig. 8 that for the accurate prediction of the
preparation strategies, the upper limits (i.e., the
critical values) of the ultimate tensile strength,

yield strength, and elongation are about 790 MPa,
730 MPa, and 28%, respectively.

4 Experimental verification

Herein, the input items of the P-S model in
ARDS are fewer than the output ones; that is, the
prediction difficulty for the preparation strategy is
significantly greater than that for the alloy property.
Meanwhile, we found that the improvement of the
property of Al-Zn—Mg—Cu alloys is accompanied
by the increased Sc content, as evident from Table 5.
Therefore, we chose the group of properties
with the highest UTS, i.e., Grope 6" in Table 5, for
experimental verification, where the input items
were 780.0 MPa (UTS), 740.0 MPa (YS), 8.0%
(EL); and the design results were as follows:
Al-9.18Zn—2.31Mg—2.20Cu—0.13Zr—0.22Sc (named
ARDS-1 alloy), and the solution and aging
parameters were 474.2 °C for 2.0 h and 120.0 °C
for 24.2 h, respectively. Besides ARDS-1 alloy, we
conducted a controlled trial in the experimental
verification, where the alloy composition was set to
Al-9.18Zn— 2.31Mg—2.20Cu—0.13Zr, and the other
process parameters were the same as ARDS-1, to
estimate the reliability of the predicted results and
the influence of Sc element on the properties of
Al-Zn—Mg—Cu alloys.
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Fig. 8 Averaged relative deviation ( Ad ) between
predicted and experimental preparation strategies for
different target properties (The filled or empty (®, O)
circle indicates that all five predictions were those output
as Result-1 or Result-2. The partially filled circle (®)
denotes that, among five predictions, some were output
as Result-1, while the others were output as Result-2, and
the relative areas of the filled and empty parts of a circle
demonstrate the ratio between the number of predictions
output as Result-1 to that output as Result-2.): (a) UTS;
(b) YS; (c) EL

4.1 Experimental procedures

The two group alloys were both smelted and
cast into ingots of approximately 3 kg, where the
raw materials were pure metals (Al, Mg, and
Zn) with 999 wt.% purity and master alloys
(Al-50wt.%Cu, Al-10wt.%Zr, and Al-20wt.%Sc).
The as-cast alloys were treated by a three-stage
homogenization: 418 °C for 5 h, 465 °C for 24 h,
and 473 °C for 24 h in resistance furnace, followed
by a multistage rolling strategy, including fifteen-
stage hot rolling and nine-stage cold rolling. Then,
the predicted results for the heat treatment system,
i.e., 474.2 °C for ST-T, 2.0 h for ST-#, 120.0 °C for
AT-T, and 24.2h for AT-t, were used for the
subsequent solution and aging treatments.

4.2 Experimental results

The as-cast ARDS-1 presents a fully fine
equiaxed microstructure, as shown in Figs. 9(d—f),
rather than the coarse dendrites that can be
discovered in the control group, as shown in
Figs. 9(a—c). Calculated by Imagel] software, the
average grain size of ARDS-1 was about 40 pm,
while it was over 100 um for the control group,
indicating that adding Sc can significantly refine
the grain. The area scan results for the as-cast
ARDS-1 are displayed in Figs. 9(g—1), from which
a relatively homogeneous distribution of the
precipitated Als(Sc,Zr) particles in the Al matrix
can be seen. The line scan results in Fig. 9(f) further
illustrate the microstructure characteristics of
Al3(Sc,Zr) particles, which show a square and
regular core—shell structure. Compared with Sc, the
distribution of the Zr element in particles is more
concentrated in the core. The difference between
ARDS-1 and the control group is whether the Sc
element is added. Hence, the experimental results
confirm that Sc plays a significant role in grain
refinement, and it can combine with Zr to form the
nucleation core, i.e., Al3(Sc,Zr) particles.

In order to reveal the mechanism behind
different strengthening effects of ARDS-1 alloy, the
microstructures of ARDS-1 aged at 120 °C for
24.2 h were observed. The incident beam is parallel
to (011) direction in the a(Al) matrix (B=(011),).
Figures 10(a) and (b) present a wealth of
precipitated phases with various sizes in ARDS-1
alloy; the calculated results indicate that the phases
within the grain are 2—20 nm in size, and these nano
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Fig. 9 Microstructures of control group (a—c), ARDS-1 (d—f) and area scan results (g—1) corresponding to microstructure

image in (e) (The line scan results in (f) show the microstructure characteristics of Al3(Sc,Zr) particles)

precipitates play a significant role in precipitation
strengthening and are decisive in enhancing the
alloy properties. On the other hand, the interfacial
energy at the grain boundary is usually high, which
can provide more nucleation energy for the
heterogeneous precipitation of MgZn, phases. It is
obvious from Figs. 10(b—d) that some coarse MgZn,
phases are found at the grain boundary. As shown in
Fig. 10(d), a relatively homogeneous distribution of
the precipitated Als(Sc,Zr) particles in the Al matrix
is observed. These fine particles effectively impede
the motion of dislocations, which can disorderly
intertwine to form dislocation pile-ups, thereby
increasing the recrystallization temperature of the
alloy and generating substructure strengthening.

Furthermore, Al3(Sc,Zr) can also stabilize the
vacancy and weaken the diffusion ability of solute
atoms, thus reducing the vacancy and solute
concentration gradients from the grain boundary to
the grain interior, and narrowing down the width of
the grain boundary precipitation-free zone (PFZ).
To further verify the reliability of ARDS, the
mechanical properties of the designed alloy
ARDS-1 and the control group Al-9.18Zn—
2.31Mg—2.20Cu—0.13Zr were tested, and the tensile
stress—strain curves of the two alloys are shown
in Fig. 11(a). The comparison of comprehensive
properties between them is evident in Fig. 11(b),
where the measured values of UTS, YS and EL
for designed ARDS-1 alloy/control group are
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764/690 MPa, 732/663 MPa, and 10.1%/6.0%,
respectively. The average prediction error between
the experimental results and predicted ones
(780 MPa for UTS, 740 MPa for YS, and 8.0%
for EL) is 9.8%, which is close to those from similar
studies [16,49,50]. This demonstrates that the
experimental results agree with the predicted values,

Dislocatie
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further verifying the reliability of ARDS in

designing aluminum alloys. It is noteworthy that the
only difference between the two alloys is whether
they contain the Sc element, indicating that the
addition of Sc plays a decisive role in improving the
properties of the alloy, which echoes the analysis of
the microstructures.

Fig. 10 Microstructures of ARDS-1 alloy: (a, b) TEM images; (¢) STEM image showing nanoscale precipitated phases;
(d) HAADF image of Als(Sc,Zr) particles and corresponding fast-Fourier-transform (FFT) diffractogram, and elemental

mapping of MgZn,
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Fig. 11 Stress—strain curves (a) and comparison of comprehensive properties (b) between ARDS-1 and control group
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5 Conclusions

(1) A dataset for Al-Zn—Mg—Cu alloys
composed of three parts: element contents, heat
treatment parameters, and material properties, was
established by collecting the experimental results
from relevant references.

(2) Based on the multi-property prediction
model that was constructed based on the SVR
algorithm and drawing inspiration from the GAN
algorithm, an alloy rapid design system (ARDS)
was constructed, which can be used to customize
the preparation strategies for the desired properties
or predict the properties following the preparation
strategies

(3) The practicability and predictive reliability
of this system were examined using published data.
For the accurate prediction of the preparation
strategies, the upper limits of the UTS, YS, and
EL are about 790 MPa, 730 MPa, and 28%,
respectively.

(4) An alloy designed by ARDS (ARDS-1)
with remarkable comprehensive properties: 764 MPa
of UTS, 732 MPa of YS, and 10.1% of EL, was
experimentally fabricated, and the analysis results
indicated that the addition of Sc plays a decisive
role in improving the properties of Al-Zn—Mg—Cu
alloys.
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