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Abstract: To address the zero-sample challenge in preparation parameter design for newly developed alloys, a novel
machine learning strategy that integrates basic dataset construction with Bayesian optimization, was proposed. The impact
of basic sample dataset construction methods, optimization benchmarks and multi-objective utility functions on Bayesian
optimization was investigated. It was found that the combination of orthogonal design, linear benchmark, and shifted
multiplicative utility function exhibits the best optimization performance. The strategy was then applied to a new
Cu—Ni—Co—Si alloy with ultra-low Co content (0.7 wt.% Co), previously designed by our research team. Rapid
optimization of six preparation parameters in the two-stage deformation and aging process of the zero-sample alloy was
achieved through only 23 experiments. The measured ultimate tensile strength and electrical conductivity of the new alloy
were 878 MPa and 44.0%(IACS), respectively, reaching the comprehensive performance level of the Cu—Ni—Co—Si alloy
(C70350 alloy) containing 1.0—2.0 wt.% Co.
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performance, cost-effective lead-frame materials is a
key driver for the future development of advanced
integrated circuits. Therefore, the development of
new Cu—Ni—Co—Si alloys with low Co content and
high overall performance represents a crucial
direction for the advancement of next-generation

1 Introduction

High-strength, high-conductivity copper alloys
with excellent mechanical and electrical properties
are critical materials for the manufacture of

products in the fields of electronic information and
communication [1—4]. Among these, precipitation-
strengthened Cu—Ni—Si alloys, particularly Cu—Ni—
Co—Si alloys, offer advantages such as high strength,
high conductivity, and non-magnetic properties. As a
result, they are widely used as lead-frame materials
for integrated circuits [5—7]. The demand for high-

alloys.

The composition and preparation parameter
design are critical approaches to enhance the
comprehensive performance of copper alloys,
particularly for newly designed alloys, which require
well-optimized preparation parameters to achieve
high overall performance [8—11]. The precipitation-
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strengthened copper alloys often involve complex
preparation processes, numerous parameters, and
intricate interactions between these parameters,
making the design of preparation parameters
challenging. In recent years, rapidly advancing
data-driven methods have revolutionized material
research and development, with machine learning
playing a key role in numerous applications.
These techniques have significantly improved
the efficiency of material preparation parameter
design [12—15]. For example, NGUYEN et al [16]
constructed a deep learning-based optimization
system to accelerate the selection of selective laser
melting parameters for Ti—6Al-4V. TAMURA
et al [17] employed a Bayesian optimization
method to design preparation parameters for powder
production through gas atomization of Ni—Co-based
superalloy, achieving a 72% reduction in cost while
improving powder yield.

The design of preparation parameters often
faces the challenge of limited or even zero-sample
data, making rapid design using machine learning
methods particularly difficult. Bayesian optimization
addresses this issue by iteratively supplementing key
experimental data, thereby significantly reducing
the experimental workload. This approach has been
successfully applied to the design of preparation
parameters for a variety of materials. For example,
CHEN et al [18] proposed a machine learning-
assisted strategy to optimize the two-stage aging
preparation parameters via an iterative approach,
resulting in a 27% increase in strength and 13.5%
improvement in plasticity for cast ZE62 magnesium
alloy. ZHANG et al [19] utilized Bayesian
optimization to design preparation parameters
for copper alloys, successfully determining three
parameters for the secondary deformation—aging
process with only five iterative experiments, which
led to a significant enhancement in comprehensive
performance of the alloy.

However, for newly designed alloys, the rapid
design of preparation parameters using machine
learning methods such as Bayesian optimization
often encounters the challenge of zero-sample
data. For example, in the development of high-
performance, low-cost lead-frame materials for
high-end integrated circuits, the authors’ research
group has designed a new Cu—Ni—Co—Si alloy. The
two-stage deformation—aging process is a critical
step in the preparation of the alloy, involving six

alloy preparation parameters, which presents a large
experimental trial-and-error space, and these six
preparation parameters have zero-sample data. To
address the challenges posed by zero-sample data, in
this paper, we proposed a preparation parameter
design strategy that combines basic dataset
construction with Bayesian optimization. The study
clarifies the influence of basic sample dataset
construction methods, optimization benchmarks, and
multi-objective utility functions on the effectiveness
of Bayesian optimization, and successfully achieves
the rapid design of two-stage deformation—aging
preparation parameters for the new Cu—Ni—Co—Si
alloy with ultra-low Co content. This work offers a
novel strategy for the efficient design of preparation
parameters for complex alloys.

2 Strategy and methods

2.1 Design strategy

The research process was as fallows:
construction of basic sample dataset — benchmark
design — multi-objective utility function design—
Bayesian optimization and experiment iteration.
Initially, a simulation function was employed to
explore the construction of the basic sample dataset
and the design of the benchmark. Subsequently,
experimental iterations of copper alloy preparation
parameters conducted to compare the
optimization effects of different multi-objective
utility functions, as shown in Fig. 1.

The space of the six preparation parameters in
the two-stage deformation—aging process for copper
alloys is large, and the combinations of basic sample
dataset construction methods and optimization
benchmarks can reach up to 12. As a result, using
experimental comparisons to identify the appropriate
methods for constructing the basic sample dataset
and selecting the benchmark would be labor-
intensive and difficult to achieve. To address this
issue, we evaluated the impact of different basic
sample dataset construction methods and bench-
marks on optimization efficiency through a
simulation function.

The primary strengthening mechanism of
Cu—Ni—Co-Si alloy is precipitation strengthening,
which is commonly calculated using the Orowan—
Ashby equation [20,21], as shown in Eq. (1). This
formula contains six independent variables, which
align with the number of two-stage deformation—
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Fig. 1 Preparation parameter design strategy integrating basic dataset construction with Bayesian optimization

aging parameters in the copper alloys in this study.
Therefore, we employed this equation as the
simulation function (dimensionless) in the Bayesian
optimization process.

In(d,/b
Ay _ 081MGb (d,/b)

Orowan B 1/2
2n(l—v) d, /;;_dp

where Adorowan 1S the precipitation strengthening, M
is the Taylor factor, G is the matrix shear modulus,
b is the magnitude of Burgers vector, v is the
Poisson ratio, d, is the average diameter of the
precipitate phases, and f; is the volume fraction of
the precipitate phases.

The Aoorawan in Eq. (1) is considered as the
target variable, and M, G, b, v, d,, and f; as the input
variables. The corresponding value ranges are
defined according to the possible values of each
parameter, and the parameter candidate space for the
simulation function is designed as shown in Table 1,
containing 1331000 parameter combinations.

(1)

Table 1 Candidate space for simulation function
parameters (Dimensionless)

Candidate G b y d, I
space
Value 10000—
range 1-10 100000 0-1 0-1 1-10 0-0.01
Step 1 10000 0.1 0.1 1 0.001

(1) Basic sample dataset construction method

In order to obtain suitable methods for
constructing basic sample datasets, four commonly
used approaches were compared and studied:
orthogonal design, random design, crossover design,
and linear design. Among these, the orthogonal
design generates 18 datasets with 6 factors, each at
three levels. To maintain consistency in sample size,
the other three methods also generate 18 datasets.
The random design method involves generating 18
datasets randomly. The crossover design method first
generates 9 datasets using random design, and then
designs another 9 datasets based on symmetrical
positions. The linear design method initially
generates 9 datasets by randomly designing the first
three parameters, selects a set of high-performance
parameters, and then generates the remaining 9
datasets by randomly designing the last three
parameters, resulting in a total of 18 datasets.

(2) Benchmark design

Bayesian optimization typically involves two
types of optimization benchmarks: static and
dynamic. In this paper, a linear benchmark was
proposed based on the characteristic of the gradual
increase in the comprehensive performance of
copper alloys, and the impact of three types of
benchmarks on the design effect was compared. The
static benchmark selects the highest value of the
target parameter in the basic sample dataset as the
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reference for subsequent design and iteration, with
the benchmark remaining fixed throughout the
process. The dynamic benchmark, on the other hand,
uses the highest value of the target parameter in
the current dataset, which can change as the
iterations progress, causing the benchmark to adjust
accordingly. The linear benchmark takes the highest
value of the target parameter in the basic sample
dataset as a reference and increases it proportionally.
For example, if the highest value of the target
parameter in the basic sample dataset is 100, and a
20% linear scale is applied, the benchmark for the
first three iterations will be 20, 40, and 60.

Subsequently, Bayesian optimization design
and iteration were performed using the function in
Eq. (1) to compare the effects of the four sample
dataset construction methods and three benchmarks
on the iteration outcome. This comparison aims
to identify the most suitable sample dataset
construction method and optimization benchmark.
The Bayesian optimization process employed the
utility function (£) shown in Eq. (2) for the design of
each parameter.

E=olp(D)+Z§(2)] (2
where ¢ is the standard deviation of model prediction;
o(Z) and HZ) are the standard normal density
and distribution functions, respectively (Integral in
(Z, +0)), Z=(u—u")/o (u is the predicted property; "
is the optimization benchmark).

(3) Multi-objective utility function design

In order to explore the form of a targeted multi-
objective utility function for alloy deformation—
aging preparation parameters, this study designed
several multi-objective utility functions based on
the commonly wused utility function expected
improvement (£). These utility functions are tailored
to meet the multi-objective needs of copper alloys in
enhancing both mechanical and electrical properties,
as well as addressing the mutual constraints between
these properties. For two variables Y; and > exhibiting
an inverse relationship, the product |Y1||Y>| can be
used to represent comprehensive performance.
Additionally, statistical methods such as Y;-Y> and
qlle +Y22 are commonly applied. The advantage
of these two methods over |Y1|'|Y>| is that they take
into account the correlation between Y; and Y>.

Building on these concepts, three multi-
objective utility functions Emy (Numerical multi-
plicative utility function), En. (Linear multiplicative
utility function), and Fe (Shifted multiplicative

utility function) were designed in this paper, as
shown in Eq. (3) to Eq. (5), respectively. Em [22]
involves calculating the utility function for each
objective separately and then combining them. The
process is as follows: first, calculate the utility
function E for the variables m and » individually,
then multiply them to obtain the combined utility
function. Ene converts the multi-objective utility
function into a binary joint utility function in single-
objective form, and the specific process involves
multiplying the separate variables m and n to get the
variable mn, and then computing the utility function
E on the variable mn. Es. combines the two
objectives using a distance formula. This involves
replacing the mean and variance in Ene according to
the distance formula.

E.=E, E, =[(1, - 1,)0(Z,) +0,4(Z,)]-
(1, — 1)0(Z,) +0,4(Z,)] 3)
Eme:(ﬂmﬂn _Iu:nlu:)(p(zmn)+O—mo-n¢(zmn) (4)

By =\t = 1,7 + (= 1, 9(Z,1) +

\lamz +0n2¢(Zmn) (5)

where Zm :M, Zn :M, Zon=Lm L=

o o

m n

B =ty = Iy
: ’ (0(Zm), ¢(Zn)’ ¢(Zm)’ and ¢(Zn)

o

m n

represent the standard normal density function value
and the cumulative distribution function value of
variables m and n, respectively. Assuming that
variables m and n are independent of each other,
0(Zun) and XZ,,) represent the bivariate standard
normal density function value and the bivariate
cumulative distribution function value.

The three multi-objective utility functions
constructed above were applied to the design and
optimization of the two-stage deformation—aging
process parameters of Cu—Ni—Co—Si alloy. The
optimization effects of the three utility functions
were compared.

(4) Bayesian optimization and experimental
iteration of preparation parameters for copper alloys

The Bayesian optimization method has the
characteristics of fewer iterations and strong global
search ability [23]. Its core components include three
aspects: machine learning model construction, utility
function calculation, and experimental verification
and iteration. In this study, the machine learning
model was constructed using the basic sample data
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obtained from orthogonal experiments. The utility
function is a multi-objective utility function derived
from the single-objective utility function £, designed
to meet multi-objective performance requirements.
The appropriate process parameters were then
recommended based on the utility function, followed
by experimental verification and feedback iteration.

In the first step, the basic sample dataset was
constructed using the method obtained from the
simulation screening. Based on the range of suitable
preparation parameters for Cu—Ni—Co—Si system
alloys reported in Refs. [24,25], the candidate space
for experimental parameters was designed, as shown
in Table 2, with a total of 313600 datasets. The basic
sample dataset was then constructed by specifying
the following experimental parameters: primary cold
rolling deformation (CR,) of 60%, 70%, and 80%;
primary aging temperatures (71) of 450, 475, and
500 °C; primary aging time (#/) of 1, 3, and 5 h;
secondary cold rolling deformation (CR>) of 60%,
70%, and 80%; secondary aging temperatures (7>) of
450, 475, and 500 °C; secondary aging time (2»)
of 1, 3, and 5 h. The corresponding ultimate tensile
strength (UTS) and electrical conductivity (EC)
for the selected preparation parameters were
experimentally tested. This results in the creation
of a basic sample dataset consisting of the
following variables: CRy, T}, t1, CR», T2, and f,; the
corresponding UTS and EC values.

In the second step, the machine learning
model was constructed. To prevent overfitting, a
combination of algorithm selection and cross-
validation was employed. This approach ensures a
reasonable match between the data and the
algorithms, followed by the optimization of model
parameters through ten-fold cross-validation. Firstly,
we compared the modeling performance of several
algorithms, including support vector regression
(SVR), Bagging, decision tree regression (DT), .-
nearest neighbors (KNN), and Gaussian process
regression (GPR), etc, and selected the algorithms
that yield the lowest prediction error. Next,
two models were established: the “preparation

Table 2 Experimental parameter candidate space

859

parameters — UTS” model (referred to as the UTS
model) and the “preparation parameters — EC” model
(referred to as the EC model), with the six
preparation parameters as inputs and UTS and EC as
outputs, respectively. During the modeling process
for both the UTS and EC models, ten-fold cross-
validation was used to evaluate the mean absolute
error (Mg) and optimize the model hyperparameters,
as shown in Eq. (6):

ME:%\PW Ry

x100% (6)

exp

where n is the sample size; Pp. and Pep are the
predicted and experimental values of the target
property, respectively.

In the third step, Bayesian optimization was
employed to design the preparation parameters.
Following the methods outlined in Refs. [22,26,27],
resampling modeling was used to obtain prediction
values and their associated uncertainties, facilitating
the calculation of the utility function. The training set
data were resampled 1000 times, with 90% of the
sample data randomly selected each time to establish
the UTS and EC models. The mean and standard
deviations of the predicted properties from the 1000
models were then used to compute the multi-
objective utility functions Emu, Eme, and Egq for each
preparation parameter combination in the candidate
space. The preparation parameter combinations
corresponding to the maximum values of these utility
functions were selected for experimental validation.

In the fourth step, experimental validation and
feedback iteration were conducted. Experimental
validation was carried out on the preparation
parameters designed through Bayesian optimization
to test the properties of the alloy specimens. The
experimental parameters and corresponding property
data from the tests were incorporated into the sample
dataset, and the model was updated for the next
round of Bayesian optimization in the preparation
parameter design process. This feedback—
iteration cycle continues until the comprehensive
performance of the alloy begins to degrade.

Candidate space CR1/% T/°C ti/h CR2/% T»/°C t/h
Value range 50-90 400-550 0.5-8 50-90 400-550 0.5-8
Step 10 25 0.5 10 25 0.5
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2.2 Experimental methods

A new Cu—Ni—Co—Si alloy with ultra-low Co
content with target properties of UTS (850 MPa) and
EC (45%(IACS)) was previously designed using the
machine-learning design method proposed by
ZHANG et al [22]. The Co content was restricted to
no more than 0.7 wt.%. The target properties of
UTS (850 MPa) and EC (45%(IACS)) were selected
with reference to the properties of the commercial
high-end lead-frame material C70350. The Cu—Ni—
Co—Si alloy was prepared by medium-frequency
vacuum induction melting, and the designed and
measured compositions are shown in Table 3.
Drawing from industrial production experience, the
alloy preparation process was as follows: casting —
homogenization at 800 °C for 4 h — hot rolling with
67% reduction at 800 °C (from a thickness of 30 mm
to 10 mm) — solid solution treatment at 960 °C for
1 h followed by water quenching. The prepared
specimens were then used for studies on primary
deformation—aging and secondary deformation—

aging.

Table 3  Designed
compositions (wt.%)
Alloy Cu Ni Co Si Mg Cr
Designed Bal. 2.1 07 07 0.15 0.1
Measured Bal. 2.06 0.68 0.79 0.15 0.11

and measured copper alloy

Multi-stage deformation—aging treatment was
carried out using the preparation parameters
designed by Bayesian optimization with the
following experimental method. Tensile specimens
were prepared in accordance with the GB/T 228.1—
2010 standard. The mechanical properties of the
alloy specimens were tested using an M TS universal
material testing machine, with a tensile chuck
displacement rate of 1 mm/min. Three specimens
were prepared for each aging condition, and the
mechanical property test results were averaged.
The specimens measuring 80 mm (length) X 2 mm
(width) were cut, and the electrical resistance of the
alloy was measured using an Applent AT-510Pro
DC resistance tester. The EC was then calculated,
with three specimens for each aging condition,
and the results were averaged. The specimens were
prepared using a Gantan691 dual-mill precision
ion polishing system, and the microstructure was
observed using a JEM2100 transmission electron

microscope (TEM).
3 Results

3.1 Basic sample dataset construction and benchmark
design

A comparison of the basic sample dataset
construction methods was conducted using a
simulation function, with 18 datasets collected for
each method. The distributions of the sample
datasets are shown in Fig. 2.

Bayesian optimization was then performed for
each of the four basic sample dataset construction
methods, paired with the three benchmarks, resulting
in a total of 12 combinations. For each combination,
10 iterations of the Bayesian optimization process
were carried out, and the results are presented in
Fig. 3.

When comparing the sample dataset
construction methods, it is observed that the
orthogonal design consistently
performance during the iteration process with
minimal fluctuation, while also achieving the highest
maximum value in the iterations. This indicates
that orthogonal design provides more reliable
sample data for machine learning. Regarding the
benchmarks, the iteration maximum value of the
linear optimization benchmark reaches its highest
value in both the orthogonal design and the linear
design of the sample datasets, suggesting that
the linear optimization benchmark is particularly
suitable for these two designs. In the random design
and crossover design, the iteration maximum value
of the linear optimization benchmark is second only
to that of the static optimization benchmark,
indicating that the linear optimization benchmark
also performs well in these two designs.

Figure 4 illustrates the impact of basic sample
dataset construction methods and optimization
benchmarks on the optimization. Based on the
results of both the basic sample dataset construction
and the optimization benchmark design, it can
be concluded that the combination of orthogonal
experimental design and optimization
benchmark is the most effective approach for basic
sample dataset construction and benchmark design.
Therefore, in the subsequent work of this paper, we
adopted the combination of orthogonal experimental
design and linear optimization benchmark for the
copper alloy preparation parameter design.

improves its

linear
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3.2 Multi-objective utility
experimental validation
Orthogonal design was employed to collect
sample data for the two-stage cold rolling and aging
process of copper alloys. The parameters are defined
as follows: CR; of 60%, 70%, and 80%; T of 450,

functions and
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475, and 500 °C; ¢, of 1, 3, and 5 h; CR; of 60%, 70%,
and 80%; T» of 450, 475, and 500 °C; t, of 1, 3, and
5 h. The sample data collected are shown in Fig. 5(a).
After undergoing the two-stage cold rolling and
aging treatment, the UTS is found to range from 680
to 970 MPa, and the EC ranges from 32%(IACS) to
47%(IACS).

To select an appropriate machine learning
algorithm and avoid overfitting, a ten-fold cross-
validation method was used to compare the modeling
performance of several algorithms, including SVR,
Bagging, DT, KNN, and GPR, as shown in Figs. 5(c)
and (d). As observed from the figures, the SVR
algorithm yields the lowest error for both the UTS
and EC models. Therefore, the SVR algorithm was
selected for subsequent modeling and design.

The evaluation results (model errors) for the
SVR-based modeling of 1000 samples from the basic
sample dataset are presented in Fig. 5(b). The bars in
the figure represent the mean and standard deviation
of the errors for the 1000 models, while the gray area
shows the error distribution of the validation set for
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Fig. 5 Sample data and machine learning modeling: (a) Schematic diagram showing distribution of basic sample data;
(b) Errors of 1000 UTS models and 1000 EC models based on SVR; (c) UTS model error; (d) EC model error
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the 1000 models. The error for the UTS model is
(5.9+0.4)%, and for the EC model, it is (6.4%0.5)%.

The multi-objective utility functions FEmy,
Ene, and Ese were used to design the preparation
parameters, followed by experimental validation and
iteration. The results are presented in Table 4.

For En, as the iterations progress, the primary
aging time of the alloy increases from 6.5 to 8.0 h,
while the secondary aging time is continuously
adjusted. After three iterations, the comprehensive
performance of the alloy reaches its peak, with a
UTS of 877 MPa and an EC of 43.8%(IACS). The
alloy performance begins to decline after the fourth
iteration. For En, the five variables, i.e. primary cold
rolling deformation, primary aging temperature and
time, secondary aging temperature and time, are
adjusted. After four iterations, the alloy achieves its
highest performance, with a UTS of 868 MPa and
an EC of 44.2%(IACS). After the fifth iteration,
the alloy performance starts to decrease, and the
iteration process is stopped. For Ege, after three
iterations, the alloy reaches its highest performance
with a UTS of 878 MPa and an EC of 44.0%(IACS).
The alloy performance begins to decrease after the
fourth iteration.

The properties of each sample in the basic
sample dataset, along with the measured properties
of the alloy specimens designed in each iteration,
are plotted in Fig. 6. As shown in the plots, the
optimal alloy performance during the corresponding
experimental iterations of the three utility functions
surpasses the best values in the basic sample data.
The product values of UTS and EC obtained for
each iteration of the three multi-objective utility
functions are presented in Fig. 6(d). Using the
product of UTS and EC as a basis for evaluating the
alloy’s comprehensive performance, it is evident
that the highest performance is achieved in the
third iteration of the multi-objective utility function
Exge.

For the two-stage deformation and aging of
copper alloy, a comparison of the iterative effects and
the number of iterations for each multi-objective
utility function reveals that the iterative efficiency of
Esq 1s the highest, and the alloy performance after
iteration is the best. It is worth noting that further
iterations could potentially enhance the alloy’s
overall performance. However, due to the high cost
of experiments and the need for rapid design, only
five iterations were conducted.

Table 4 Iteration design results with multi-objective utility functions

Ist 60 500 6.5 60 400 3.0 916 41.1
2nd 60 500 8.0 60 400 4.5 889 42.7
Emu 3rd 60 500 8.0 60 400 5.0 877 43.8
4th 60 500 8.0 60 400 4.0 870 43.1
Sth 60 500 8.0 60 400 3.5 844 42.6
Ist 60 500 6.5 60 400 3.5 903 41.0
2nd 60 500 7.0 60 400 5.5 898 41.9
Enne 3rd 70 475 8.0 70 400 6.5 895 42.6
4th 70 475 8.0 70 400 8.0 868 44.2
Sth 70 475 8.0 70 400 7.5 885 41.5
Ist 50 550 7.0 70 400 8.0 797 44.3
2nd 60 550 5.0 70 425 5.5 723 46.1
Esqe 3rd 60 500 6.0 70 425 6.0 878 44.0
4th 70 450 6.5 70 400 5.0 922 40.3
Sth 70 450 6.0 70 400 6.0 900 39.1

* UTS and EC are experimental test results
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4 Discussion

4.1 Advantages of design strategy combining
basic dataset construction and Bayesian
optimization
The candidate space of the experimental

parameters for the two-stage deformation and aging

process of copper alloys, comprising six parameters
in this study, includes a total of 313600 datasets.

Identifying appropriate combinations of preparation

parameters from this vast dataset is a challenging

task that cannot be efficiently addressed through
empirical trial-and-error alone. Therefore, a machine
learning approach capable of accelerating the
design of experiments is required. This study
employs Bayesian optimization to address this
challenge. Bayesian optimization offers numerous
combinations of sample dataset construction
methods and benchmark selection strategies for
screening, which will be difficult to achieve solely
through experimental validation with a large number
of experiments. In this study, these parameters are

optimized through function simulation, followed
by screening a reasonable multi-objective utility
function using experimental validation.

The study explores the impact of different basic
sample dataset construction methods, benchmark
selection methods, and multi-objective utility
function construction methods on the iterative
efficiency of Bayesian optimization. The results
demonstrate that the combination of basic dataset
construction and Bayesian optimization effectively
addresses challenges such as the lack of alloy
preparation parameter samples, providing a novel
strategy for the efficient design of complex alloy
preparation parameters.

Orthogonal experimental design provides a
more balanced spatial distribution of data than
random experimental design, crossover experimental
design, and linear experimental design when
acquiring the same amount of data. The data
generated through orthogonal design exhibit less
randomness and  greater  representativeness.
Compared with the other three sample dataset
construction methods, orthogonal design facilitates
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the identification of the overall data trend and
captures a broader information surface. Therefore,
orthogonal experimental design is considered the
most appropriate approach for data collection.

The static optimization benchmark selects the
maximum value from the basic sample data as the
benchmark. Throughout the iteration process, this
benchmark focuses on optimizing based on existing
information with a clear goal, but it has low
explorability for newly acquired data. In contrast, the
dynamic optimization benchmark selects the
maximum value from both the basic sample data and
the iteration data, maintaining high explorability
throughout the process. The linear optimization
benchmark begins with a smaller benchmark in the
initial stages of iteration, offering higher utilizability,
and gradually increases as the iterations progress,
enhancing its explorability. Comparing the three
benchmarks, it is evident that the linear optimization
benchmark combines the high utilizability of
the static optimization benchmark with the
high explorability of the dynamic optimization
benchmark. As a result, the linear optimization
benchmark  demonstrates iteration
efficiency.

Using Bayesian optimization to design the
preparation parameters enhances the efficiency of
parameter design because the utility function
integrates both the magnitude of the performance
prediction value and the associated prediction
uncertainty. This allows for the simultaneous
optimization of the machine learning model and
the performance itself [28,29]. The experimental
validation and feedback iteration based on the
preparation parameters recommended by the
Bayesian optimization process complement the
key data required to improve the model, thus
contributing to the enhancement of the machine
learning model’s generalization ability. Therefore,
this study designs various multi-objective utility
functions based on the utility function.

Comparing the three multi-objective utility
functions, the Bayesian optimization process based
on the multi-objective utility function of Eq yields
the best alloy performance, followed by Em, and
finally Eme. The multi-objective utility function Fsqe
based on +/¥>+Y,> is designed to balance the
mechanical properties and EC of copper alloys.
Through continuous iterative optimization, the final

superior

optimal performance obtained is the optimal
performance under the balanced mechanical
property and EC. While the En, and Eye multi-
objective utility functions based on |Y1|-|Y2| and Yi- 1>,
respectively, also yield high-performance copper
alloy preparation parameters, they focus more on the
peak value of a single output compared to Esqe, with
less specificity towards data balance. Therefore, in
this study, Fse is used as multi-objective utility
function for optimizing mechanical and EC
properties for copper alloy preparation design. It
should be noted that the utility function calculation
methods used in this paper are all aimed at the
characteristics of the mutual constraint between
the mechanical and electrical properties of copper
alloys and the need for comprehensive performance
improvement. When the performance relationship or
design requirements change, the utility function in
this paper may no longer be suitable.

In this study, the rapid design of copper alloy
preparation parameters is
strategy combining basic dataset construction and
Bayesian optimization, which consists of three core
parameters, namely, orthogonal experimental design,
linear optimization benchmark selection, and multi-
objective utility function of Ese. Among them, the
effectiveness of orthogonal design and linear
optimization benchmark have been verified by
Orowan precipitation strengthening equation, thus it
has applicability in precipitation strengthening
alloys; The multi-objective utility function of Eq is
designed based on the mutual constraint between the
mechanical and electrical properties of copper alloys
and the demand for comprehensive performance
improvement, and has been validated by the design
of copper alloy process parameters. Therefore, the
process design strategy proposed in this paper can be
applied to alloy systems with similar strengthening
methods and performance characteristics of copper
alloys. By using this strategy, not only can we
realize the rapid design of alloy preparation
parameters with zero-sample, but also provide a
solution for the autonomous intelligent experimental
system of alloy material. By using the above strategy
for fully active test point design and efficient
selection iteration of optimization paths, it is
expected that the rapid development of new material
can be achieved through autonomous intelligent
experiments.

achieved under the
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4.2 Superiority of alloy performance after
preparation parameters optimization
According to the results of Bayesian

optimization iteration, it is determined that the
preparation process of copper alloy specimens with
optimal performance is as follows: 800 °C with 4 h
homogenization — 67% deformation hot rolling
at 800 °C (thickness from 30 mm to 10 mm) —
960 °C with 1 h solid solution treatment and water
quenching — 60% deformation cold rolling
(thickness from 10 mm to 4 mm) — 500 °C with 6 h
aging treatment — 70% deformation cold rolling
(thickness from 4 mm to 1.2 mm) — 425 °C with 6 h
aging treatment. The tensile stress—strain curves of
the alloy specimens after treatment by the above
preparation process are shown in Fig. 7(a), and
the measured UTS and EC are 878 MPa and
44.0%(IACS), respectively.

Figure 7(b) shows the comparison of the
properties of copper alloys prepared in this study
with the Cu—-Ni—Si and Cu—Ni—Co—Si alloys
reported in Refs. [3,24,30—38]. As can be seen from

1000

(a)
800 - ii
—— Ist test specimen
< 2nd test specimen
E 600 - 3rd test specimen
& 400+
UTS: (878+4) MPa
YS: (832+8) MPa
200 EL: (12.3£0.8)%
0 2 4 6 8 10 12

Strain/%

Fig. 7(b), the comprehensive performance of the
alloys in this study is higher compared to those in the
above-mentioned literature. In addition, compared
with the commercial C70350 alloy with high
Co content of 1.0-2.0 wt.%, the comprehensive
performance of the alloy in this study reaches the
level of C70350, while the Co content is only
0.7 wt.%, which is much lower than the lower limit
of C70350 alloy.

The microstructure of the alloy after secondary
aging is shown in Fig. 8. The results reveal the
presence of a significant number of precipitated
phases within the alloy, with the size of these
precipitates approximately 10 nm. From the high
resolution transmission electron microscope
(HRTEM) observation of the precipitated phases
shown in Figs. 8(b) and (c), it can be seen that the
nano-precipitated phases are mainly (Ni,Co)Si and
Ni3Si. The large number of diffusely precipitated
phases pin dislocations on the one hand, resulting
in an increase in the strength of the alloy, and on
the other hand, the residual solid-solution alloying
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Fig. 7 Comparison of alloy properties: (a) Tensile stress—strain curves; (b) Comparison of alloy properties

Fig. 8 TEM images of alloy specimen along [ 110] direction: (a) Bright-field TEM image; (b) HRTEM image of (Ni,Co),Si

precipitates; (c) HRTEM image of NisSi precipitates
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elements within the alloy matrix are reduced, which
elevates the alloy EC.

4.3 Mechanisms influencing mechanical and

electrical properties

The strengthening effect produced by the
processing is a key factor affecting the mechanical
properties of the alloys. After processing with
optimized preparation parameters, a large number
of grain boundaries, dislocations and nanoscale
precipitation phases exist in the alloy, which cause
the grain boundary strengthening, dislocation
strengthening and precipitation strengthening on the
matrix, respectively.

The grain boundary strengthening effect (Aog)
can be obtained using the Hall-Petch equation, as
shown in Eq. (7) [39]:

k

Jis @

where k is the coefficient, typically taken as
140 MPa-um'?[39], and dg is the grain size.

The dislocation strengthening effect (Aog) can
be calculated from the dislocation density, as shown
in Eq. (8) [40]:

Aog=

Ac,=MaGhbp"? (®)

where o is a constant. Values of M, G, b, and « for
copper alloys are 3.1, 48 GPa, 0.255 nm, and 0.2,
respectively [41,42]. p represents the dislocation
density, which is calculated from the micro-strain (¢)
and the grain size dg, as shown in Eq. (9) [43]:

2\/58
p:

dgb

€))

The micro-strain ¢ can be obtained through X-
ray diffraction (XRD), as shown in Eq. (10):

ﬁcos@zﬁ+4gsin9 (10)
dG

where f is the half-width of the XRD diffraction

peak, 6 is the Bragg angle, 1 is the radiation

wavelength, and k is a constant.

The XRD pattern and micro-strain of the alloy
after processing with optimized preparation
parameters are shown in Fig. 9. The fitted micro-
strain is 0.1280, and the calculated dislocation
strengthening effect is 236 MPa.

Figure 10 presents the inverse pole figure
obtained from the electron backscattered diffraction
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Fig. 9 XRD pattern and micro-strain of samples treated
by optimized preparation parameters: (a) XRD pattern;
(b) Micro-strain calculation

Fig. 10 Inverse pole figure of sample treated by optimized

preparation parameters from EBSD

(EBSD). The average grain size is 1.8 um, and the
calculated grain boundary strengthening effect is
104 MPa. The precipitation strengthening effect
primarily results from the interaction between
dislocations and nano-sized precipitates, which can
be described using the Orowan—Ashby equation, as
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shown in Eq. (1). In this study, the Poisson ratio
v of the copper alloy is 0.34. The diameter and
volume fraction of the precipitated phase are
102nm and 0.03%, respectively, yielding a
calculated precipitation strengthening effect of
413 MPa.

The effects of grain boundary strengthening,
dislocation  strengthening, and precipitation
strengthening are shown in Table 5. After treatment
with the optimized preparation parameters, the
primary strengthening mechanism of the alloy is
precipitation strengthening, with a strengthening
effect of 413 MPa. This is followed by dislocation
strengthening, which contributes a strengthening
effect of 236 MPa. These results indicate that the
preparation parameters optimized in this study
primarily influence the dislocation strengthening and
precipitation strengthening mechanisms.

Table 5 Calculated values of strengthening effects

do/um e p/m? Fl%
1.8 0.1280 9.66x10' 0.03
dy/nm Aoc/MPa Acg/MPa Acorowan/MPa
10.2 104 236 413

The decrease in the EC of the alloy is primarily
attributed to the scattering of free electrons by solid-
solution alloying elements, precipitated phases,
dislocations, and grain boundaries. The alloy
resistivity is calculated by Eq. (11):

Patioy=potApytApatApatAps (11)

where paioy 1 the resistivity of the alloy, po is the
resistivity of pure copper (1.72x1078 Q-m), App, Apq,
Apc, and Aps denote the increase in resistivity caused
by precipitates, dislocations, grain boundaries, and
solid-solution atoms, respectively.

Among them, the scattering of electrons by the
precipitation phase is related to the precipitation
phase spacing, and when the precipitation phase
spacing is greater than the electron free range of pure
copper (42 nm), the scattering effect on electrons is
small. In this study, the precipitation phase spacing
of the alloy is about 58 nm, and thus the effect of the
precipitation phase on the EC is small and negligible.

The change in resistivity Apq caused by electron
scattering due to dislocations is represented by
Eq. (12) [44]:

Apo=Aap (12)

where A4 is a constant, which is 2.7x1072° Q-m? for
copper alloy.

The change in resistivity due to electron
scattering by grain boundaries, Apg, is given by
Eq. (13) [45]:

Ape=2e (13)
dg

where A4g is a constant, which is 3.58x107'® Q-m? for

copper alloys.

The total of increase in resistivity due to
dislocations and grain boundaries in the alloy is
calculated from Eq.(12) and Eq.(13) to be
2.61x1071°Q'm. Since the total resistivity of the
alloy is 3.91x10°® Q-m, the increase in resistivity of
the alloy due to the solid-solution elements is
calculated to be 1.96x107® Q-m, as shown in Table 6.
Further, it is calculated that dislocations, grain
boundaries, and solid-solution elements resulted in
a decrease in the EC of the alloy by 0.7%(IACS),
0.5%(TACS), and 54.8%(IACS), respectively. Thus,
the atoms of the alloying elements that are solidly
dissolved in the matrix are the main factors affecting
the EC.

Table 6 Calculated values of increase in resistivity
do/um  p/m?  Apd/(Qm) Apc/(Qm) Apd(Q'm)
1.8 9.66x10* 2.61x1071% 1.99x107° 1.96x107®

Ap is calculated as the difference between the total resistivity of the
alloy and the sum of Apq and Apg

5 Conclusions

(1) The effects of basic sample dataset
construction, optimization benchmarks, and multi-
objective utility functions on design efficiency were
investigated through a combination of function
simulation and alloy experiment. It is found that the
combination of orthogonal design, linear benchmark,
and shifted multiplicative utility function achieves
the highest optimization efficiency and the best
optimization performance.

(2) The proposed strategy was applied to the
experimental iteration of a new Cu—Ni—Co—Si alloy
with an ultra-low Co content (0.7 wt.% Co). The
rapid design of a two-stage deformation and aging
process, involving six preparation parameters, was
achieved for this zero-sample alloy through a total of
only 23 experiments.

(3) Under the designed preparation condition,



Hui-qiang MA, et al/Trans. Nonferrous Met. Soc. China 36(2026) 855—871 869

the measured UTS and EC of the new Cu—Ni—Co—Si
alloy with ultra-low Co content are 878 MPa and
44.0%(IACS), respectively, which reach the
comprehensive performance levels of the Cu—Ni—
Co—Sialloy (C70350 alloy) containing 1.0-2.0 wt.%
Co.
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PRHIML 382 ST 7 SR o W FE T SEAREA B S 7V AR I AR 22 b 25k Al o ixt DL e 307 610 4K R S
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