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Abstract: The machine-learning approach was investigated to predict the mechanical properties of Cu—Al alloys manufactured using the powder
metallurgy technique to increase the rate of fabrication and characterization of new materials and provide physical insights into their properties.
Six algorithms were used to construct the prediction models, with chemical composition and porosity of the compacts chosen as the descriptors.
The results show that the sequential minimal optimization algorithm for support vector regression with a puk kernel (SMOreg/puk) model demon-
strated the best prediction ability. Specifically, its predictions exhibited the highest correlation coefficient and lowest error among the predictions
of the six models. The SMOreg/puk model was subsequently applied to predict the tensile strength and hardness of Cu—Al alloys and provide
guidance for composition design to achieve the expected values. With the guidance of the SMOreg/puk model, Cu—12A1-6Ni alloy with a tensile

strength (390 MPa) and hardness (HB 139) that reached the expected values was developed.
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1. Introduction

Copper alloys are widely used in pumps, bearings, pro-
pellers, engineering tools, dies, etc. [1-2], because of their
high strength, hardness, wear resistance, and corrosion resist-
ance. Tensile strength and hardness are the most important
mechanical properties of aluminum bronze. At present, the
mechanical properties of aluminum bronze are assessed us-
ing various destructive testing methods [3], which are both
time-consuming and expensive. Therefore, an effective
method for predicting the mechanical properties of alumin-
um bronze is urgently needed.

In recent years, machine learning has been widely used
to predict the mechanical properties of materials. Altinkok
and Koker [4] used the back-propagation artificial neural net-
work (BP-ANN) model to successfully predict the bending
strength and hardness of aluminum matrix composites. Zhao
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et al. [5] used the particle swarm optimization algorithm with
back-propagation (PSOA-BP) model to predict the bending
strength of Cu—Sn-Ti composites with high accuracy. Tang
et al. [6] used support vector regression (SVR) to predict the
strength of Al-Cu—Mg—Ag alloy. Compared with BP-ANN,
the established SVR model was found to provide greater pre-
diction accuracy under identical training. Liu ef al. [7] de-
veloped a high-precision ANN model to predict the ultimate
tensile strength of Nb—Si alloy. When they used the model to
optimize the microstructure of a sample, its strength could
reach the target value. Yang et al. [8] used the ANN model
to predict the mechanical properties of A357 alloy, and their
results showed that the BP model had high prediction accur-
acy. Razavi et al. [9] used the ANN model to predict the
hardness of 17-4PH alloy and optimized a heat-treatment
process to achieve the maximum hardness.

Notably, the literature contains few reports on predic-
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tions of the mechanical properties of Cu—Al alloys. In the
present study, six algorithms were used to model and predict
the tensile strength and hardness of Cu—Al alloys. The mod-
el with the best performance was then used to guide chemic-
al composition selection.

2. Modeling procedure

The process of building a machine-learning model can be
divided into three stages: data collection, modeling, and
model validation.

2.1. Data collection

Three constraints on the chemical elements and pro-
cessing method were imposed in the data collection.

(1) The mass fraction of the additional alloying elements
must be less than the mass fraction of Al.

(2) The preparation methods of the Cu—Al alloys were
confined to casting and powder metallurgy to reduce the ef-
fect of processing on material properties.

(3) Because of the very limited amount of data for other
elements, only conventional alloying elements such as Al,
Fe, Ni, and Mn were used, which may adversely affect the
accuracy of the data mining.

The chemical composition of a material is the most im-
portant factor governing its microstructure and properties
[10]. Aluminum is a key alloying element, with its concen-
tration in Cu—Al alloys ranging from 5wt% to 14wt%. When
the Al content is less than 9.4wt%, the alloy contains only
the o phase and exhibits low hardness and strength. When
the Al content exceeds 9.4wt%, the alloy consists of both the
o phase and the vy, phase and exhibits high hardness and low
strength. The addition of other alloying elements such as Ni,
Fe, and Mn can change the structure and properties of the al-
loy. Fe can refine grains and improve the mechanical proper-
ties, Ni can enlarge the a-phase region and refine grains, and
Mn can reduce the eutectoid transformation temperature [11].

The porosity of a sintered compact strongly influences its
mechanical properties. The occurrence of porosity reduces
the tensile strength, and both ductility and fatigue resistance
are highly sensitive to porosity [12]. The porosity of casting
alloys is typically zero, whereas that of sintered compacts is
greater than zero. Therefore, porosity is also used to distin-
guish between the two processes.

In the present study, the weight percentage of each ele-
ment (Al, Fe, Ni, and Mn) and the porosity of the material
were used as descriptors.

After the constraints and descriptors were applied, 142
items of experimental data were collected in a tensile-

strength dataset and 100 items of experimental data were col-
lected in a hardness dataset (these datasets were freely ac-
cessed at http://www.materdata.cn/search2.php?tty=798).
The datasets were constructed using the results of laboratory
experiments in the present study and those from the literat-
ure [13-40].

2.2. Modeling

Neutral networks and support vector machines (SVMs)
have been widely used for data mining [41]. A neural net-
work is a typical nonlinear and adaptive mathematical al-
gorithm. It has shown good fitting prediction ability in cer-
tain cases where accurate descriptions are difficult to obtain
with mathematical models [42]. However, a SVM can ef-
fectively solve the problem of high-dimensional data model
construction under finite sample conditions and it has strong
generalization ability [43].

In the present study, six machine-learning algorithms
were considered to build a prediction model with the Weka
software: standard linear regression (LR); multilayer per-
ceptron or back-propagation neural network (MLP); sequen-
tial minimal optimization algorithm for support vector re-
gression (SMOreg) with a poly kernel (SMOreg/poly), puk
kernel (SMOreg/puk), or normalized poly kernel (SMOreg/
norpoly); and support vector regression with a poly kernel
(SVR/poly). To reduce the over-fitting in nonlinear regres-
sion, an n-fold cross validation was generally applied. In this
work, a 5-fold cross validation was used. The dataset was di-
vided into five nearly equal portions. Each portion was used
once as the testing data. When a given portion of data repres-
ented the testing data, the other four portions were treated as
the training data [44]. The final results were averages of the
five test results.

Fig. 1 and Fig. 2 show the predicted values of tensile
strength and hardness, respectively, plotted against the cor-
responding experimental data. The experimental and pre-
dicted values lie approximately on the Y = X line, which
demonstrates that the model accurately predicts the mechan-
ical properties of the alloy. According to Fig. 1 and Fig. 2,
the SMOreg/puk model showed the best fit at the training
step.

The correlation coefficient (CC), mean absolute error
(MAE), and root-mean-squared error (RMSE) were used to
evaluate the performance of the prediction models based on
the six algorithms [12,44].

Fig. 3 lists the values of CC, RMSE, and MAE for the
six machine-learning models. The SMOreg/puk model shows
the best performance, and its CC values for the tensile-
strength model and hardness model are 0.9180 and 0.9373,
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Fig. 1.  Performance of machine-learning models on the training dataset to predict tensile strength: (a) LR; (b) MLP; (c)
SMOreg/norpoly; (d) SMOreg/poly; () SMOreg/puk; (f) SVR/poly.

respectively. The MAE and RMSE values for the tensile and 73.6705 MPa respectively, and the MAE and RMSE
strength predicted by the SMOreg/puk model are 52.1486 values for hardness predicted by the SMOreg/puk model are
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Fig. 2. Performance of machine-learning models on the training dataset to predict hardness: (a) LR; (b) MLP; (c) SMOreg/norpoly;
(d) SMOreg/poly; (¢) SMOreg/puk; (f) SVR/poly.

HB 16.9153 and HB 26.2977, respectively. These values are SMOreg/puk model was selected for predicting the tensile
lower than those of the other models. Therefore, the strength and hardness.
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Fig.3. CC, RMSE, and MAE of six machine-learning models applied to the training dataset: (a) tensile strength; (b) hardness.

2.3. Model validation

To validate the accuracy of the SMOreg/puk prediction
model for tensile strength and hardness, we compared the
predicted values with experimental values of the validation
dataset (Fig. 4). The validation datasets were obtained both
from experiments and the literature [39,45-47], and these
data were not included in the training dataset above. The val-
idation datasets are listed in Table 1. A comparison of the
predicted and experimental values of tensile strength and
hardness on the validation datasets reveals that the predicted
values are consistent with the experimental ones. The max-
imum error of tensile strength is only 30.49 MPa (Fig. 4(a)),
and the maximum error of hardness is only HB 8.6 (Fig.

4(b)).
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3. Model application

The SMOreg/puk model was used to guide the composi-
tion design of the Cu—Al alloy such that its mechanical prop-
erties could reach the target values. The objective, a new
high-strength Cu—Al matrix oil-bearing material with a
porosity of approximately 11.5%, tensile strength greater
than 350 MPa, and hardness of HB 135-140 was to obtain
through composition design. The high-strength Cu—Al alloy
in this case is intended for use as a bearing material with su-
perior self-lubricating performance. The pores in the struc-
ture provide space for solid lubricants such as graphite and
MoS,; or a liquid lubricating oil.

The values predicted using SMOreg/puk model for the
Cu—Al powder alloy were used to plot a distribution map of
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Fig. 4. Predicted tensile strength (a) and hardness values (b) of SMOreg/puk model on the validation dataset compared with the cor-

responding experimental values.
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Table 1. Validation datasets of the SMOreg/puk prediction model

No. Al/wt% Ni/wt% Fe/wt% Mn/wt%  Porosity/% Tensile strength / MPa Hardness, HB References
1 9.26 4.40 3.92 1.15 0.00 696.00 176.00 [45]
2 9.38 591 4.07 1.19 0.00 656.00 — [45]
3 9.65 7.93 4.04 1.19 0.00 590.00 183.00 [45]
4 9.50 5.00 4.50 1.00 0.00 670.00 — This work
5 9.00 4.50 4.00 1.15 0.00 655.00 188.50 This work
6 9.89 4.20 4.12 2.03 0.00 632.00 — [46]
7 12.00 0.00 4.00 0.00 11.97 308.00 156.00 This work
8 12.00 0.00 0.00 5.00 10.70 345.00 150.00 This work
9 10.00 4.00 4.00 0.00 12.03 222.50 101.00 This work
10 9.72 0.00 0.91 0.00 0.00 — 138.00 [39]
11 14.00 0.35 3.00 1.25 0.00 — 299.00 [47]
12 12.00 6.00 5.00 0.00 11.55 — 138.00 This work

the tensile strength and hardness with the change of each
descriptor, as shown in Fig. 5 and Fig. 6, respectively. The
larger values in Fig. 5 and Fig. 6 are fitted by black curves.
As shown in Fig. 5, when the porosity is approximately
11.5%, the tensile strength of the Cu—Al alloy reaches
350 MPa. When the Al content is 11.7wt%—12.2wt%, the
tensile strength of the alloy reaches its highest value. When
the Ni content is 6.0wt%—6.5wt%, the tensile strength of the
alloy reaches its highest value. When the Mn content is
Owt% and 2.8wt%—3.2wt%, the strength of the alloy may
reach its highest value. However, the tensile strength de-
creases with increasing Fe content.

As shown in Fig. 6, when the porosity is less than 13.0%,
the hardness of the alloy reaches its target value. With in-
creasing Al content, the hardness of the alloys gradually in-
creases. When the Al content is greater than 11.2wt%, the
hardness of the alloy reaches the target value. With increas-
ing Ni or Mn content, the hardness decreases. When the Ni
content is less than 6.6wt%, the hardness of the alloy reaches
the target value. Within the range of known Mn content, the
hardness of all of the alloys can reach the target value.
However, as the Fe content increases, the hardness first in-
creases and then decreases. When the Fe content is less than
3.8wt%, the hardness of the alloy can reach the target value.
In this case, the content range of each element selected ac-
cording to hardness includes the content range of each ele-
ment selected according to tensile strength.

On the basis of the aforementioned results, the following
composition ranges of various components were selected,
and tensile strength and hardness were predicted using the
SMOreg/puk model: 11.7wt%—122wt% Al, 6.0wt%—
6.5wt% Ni, 0Owt% Fe, and Owt% or 2.8wt%—3.2wt% Mn, in-
cluding Cu—(11.7-12.2)Al, Cu—(11.7-12.2)Al~6.0-6.5)Ni,
Cu—(11.7-12.2)Al~6.0-6.5)Ni—~2.8-3.2)Mn, and
Cu—(11.7-12.2)A1+2.8-3.2)Mn. The step size for varying

the chemical composition was set at 0.1wt%. Analysis of the
prediction results revealed that when the chemical composi-
tion was close to Cu—12A1-6Ni, the mechanical properties of
the alloy reached target values, with a tensile strength of 380
MPa and hardness of HB 138.

4. Experimental

The target porosity for the Cu—Al alloy was chosen as
11.5% according to the literature [12], and the process para-
meters for fabricating the alloy were selected as follows. Ele-
mental powders of Cu, Al, and Ni produced by Xing Rong
Yuan Co., Ltd. were used as the raw materials. The morpho-
logy and characteristics of the three elemental powders are
shown in Fig. 7 and listed in Table 2, respectively. In Table 2,
Dy, D5y, and Dy, correspond to the point where the cumulat-
ive mass from the small-particle-diameter side reaches 10%,
50%, and 90% in the cumulative particle size distribution. Cu
powder was mixed with 12wt% Al and 6wt% Ni in a tube
mixer for 3 h. The mixed powder was compacted into 20-
mm-diameter discs at 550 MPa. The green compact was
heated to 1000°C for 1 h in a furnace under an H, atmo-
sphere at a heating rate of 5°C/min, and then cooled in the
furnace.

The microstructure of the samples was observed using a
RX50M optical microscope and a JSM-7001F scanning elec-
tron microscope (SEM). The elemental distributions were
analyzed by energy-dispersive spectroscopy (EDS) using a
spectrometer installed on the scanning electron microscope.
X-ray diffraction (XRD) analysis of the samples was per-
formed using a Rigaku SmartLab X-ray diffractometer. The
hardness was measured using a HB3000 Brinell hardness
sclerometer, and the tensile strength was measured using an
Instron 5569 universal testing machine.
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Fig. 5. Tensile-strength distribution of the alloy with respect to its porosity and composition obtained using SMOreg/puk model: (a)

porosity; (b) Al content; (c) Ni content; (d) Fe content; (¢) Mn content.

The sintered density (p;) of the compacts was measured
using Archimedes’ law, and the porosity (¢) of the samples
was calculated by the following Eq. (1) and Eq. (2) [48]:

pa=1/(x1/p1+x2/p2+...+Xn/pp) O]
e=1-ps/pa 2
where p, is the theoretical density of the alloy, p, is the dens-

ity of the nth element, and x, is the mass fraction of the nth
element.

5. Results and discussion

An optical micrograph of the Cu—12Al-6Ni alloy is
presented in Fig. 8. The microstructure of all of the alloys
consisted of a-Cu matrix phase (light-yellow regions), NiAl
phase (dark-brown regions), and Al,Cuy phase (gray regions),
together with a large number of pores. The SEM micrograph
of the Cu—12Al-6Ni alloy is shown in Fig. 9, and the com-
position of each phase obtained by EDS analysis is listed in
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ity; (b) Al content; (c) Ni content; (d) Fe content; (¢) Mn content.

Table 3. A large number of granular NiAl phases precipit-
ated at the boundary between the a-Cu phase and the Al,Cuy
phase or within the a-Cu phase, whereas the morphology of
the Al,Cuy phase shows an irregular shape. Fig. 10 shows the
XRD pattern of the alloy, the XRD results are in good agree-
ment with the EDS analysis results.

According to the literature [49], the Cu—12A1-xNi vertic-
al section was drawn and presented in Fig. 11. The a-Cu
phase was first precipitated at the boundary of B-AlCu; dur-

ing cooling. When the temperature decreased to the eutect-
oid reaction for f-AlCu; — a-Cu + NiAl, this eutectoid reac-
tion occurred. Because the NiAl phase was distributed in the
grain boundary of the o-Cu phase, the growth of the a-Cu
phase was effectively inhibited. When the temperature
reached approximately 510°C, the second eutectoid reaction
(B-AlCu; — a-Cu + NiAl + Al,Cuy) occurred. Because the
first eutectoid reaction consumed a large amount of the -Al-
Cu; phase, the amount of products generated by the second
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Fig.7. Morphology of as-received powders: (a) Cu powder; (b) Al powder; (c) Ni powder.

Table 2. Characteristics of the experimental powders

Particle size distribution / pm

Powder Purity / wt% Method of Manufacture
Dig Ds Dy
Cu 12.8 23.8 42.7 99.9 Electrolytic
Al 10.6 17.8 28.9 99.7 Ar atomized
Ni 5.2 12.4 29.0 99.8 Carbonylation method

eutectoid was smaller, substantially decreasing the fraction of
the Al,Cu, phase. In the present work, the furnace cooling
process was slow, therefore, no martensite phase was ob-
served in the alloy.

Uy
=

Fig. 9. SEM image of the Cu—12Al-6Ni alloy.

The porosity, tensile strength, and hardness of the alloy
are summarized in Fig. 12. The porosity of the sintered
samples is 11.22%, which is 0.28% less than the target value.
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Table 3. EDS analysis for each phase of Cu—12A1-6Ni
alloy shown in Fig. 9 at%
Phase Cu Al Ni
a-Cu 79.72 19.03 1.25
NiAl 12.01 45.52 42.47
Al,Cuy 61.28 32.22 6.50
10000
3
¢ a-Cu
8000 A NiAl
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= 6000 f
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g L
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L .
2000 s : : ¢ .
NI, >
O 1 1 1 1 1 1 1 1
10 20 30 40 50 60 70 &8 90 100
20/ ()

Fig. 10. XRD pattern of the Cu—12Al-6Ni alloy.

The tensile strength is about 390 MPa, which is 40 MPa
greater than the target value and 10 MPa greater than the
value predicted by the SMOreg/puk model. The hardness is
about HB 139, which is HB 1 greater than the value pre-
dicted by the SMOreg/puk model. Therefore, the experi-
mental values reached the target values. The refinement of
the a-Cu phase in the alloy resulted in fine grain strengthen-
ing. Moreover, a large number of granular NiAl phases were
dispersed in the alloy (NiAl is an intermetallic compound
with high strength and microhardness), hence, the strength of

1400
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1200 - Liquid
B(AICu,) + Liquid
— '—'—-_-_-_h
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Ni content / wt%

Fig. 11. Vertical section of the Cu—-12Al-xNi alloy according to
the literature [49].

the alloy was further improved.

The aforementioned results show that the SMOreg/puk
model can well predict the properties of Cu—Al alloys and ef-
fectively guide the composition design of materials. Because
the SMO algorithm has the advantages of fast training and
strong generalization performance, it is widely used to pre-
dict the mechanical properties of structural materials [50].
The mapping capabilities of the puk kernel is stronger than
that of other kernel functions, therefore, it can handle vari-
ous mapping problems well. Moreover, the puk kernel can
improve the generalization performance of the SMO al-
gorithm [51].

14 420 - 160
I Target
[ SMOreg/puk predicted 1400
I Measure
1150
<
12F -4380 &
S = z
= = 7]
= 1360 & 140 &
2 5 =
£ Z ks
10 - 1340 »
£ 1130
4320 ©
8 300 - 120

Porosity

Tensile strength

Hardness

Fig. 12. Porosity, tensile strength, and hardness of the Cu—12AI-6Ni alloy.

6. Conclusions

In this study, the machine-learning approach was used to
predict the tensile strength and hardness of Cu—Al alloys and
provide guidance for composition design to achieve the ex-

pected values. Chemical composition and porosity were

chosen as the descriptors, and six algorithms were used to
build prediction models. The dataset used in this work were
collected from experiments and the literature. The main con-
clusions are summarized as follows:

(1) The SMOreg/puk model showed the best perform-
ance, with the highest correlation coefficient and lowest er-
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ror among the six investigated models. The tensile strength
and hardness predicted by the SMOreg/puk model agree well
with the experimental data, and the errors are less than 30.49
MPa and HB 8.6, respectively.

(2) According to the target values (a porosity of approx-
imately 11.5%, tensile strength greater than 350 MPa, and
hardness of HB 135-140), the chemical composition of Cu
with 12wt% Al and 6wt% Ni alloy was obtained from the
prediction by the SMOreg/puk model. The alloy was then
prepared using the powder metallurgy method, and a poros-
ity of 11.22%, a tensile strength of 390 MPa, and hardness of
HB 139 were obtained. These parameters reached their ex-
pected values.
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