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Abstract: To achieve durable high-performance fiber-reinforced concrete that meets economic re-
quirements, this paper introduces a hybrid intelligent framework based on the Latin hypercube
experimental design, response surface methodology (RSM), and the NSGA-III algorithm for optimiz-
ing the mix design of high-performance fiber-reinforced concrete. The developed framework allows
for the prediction of concrete performance and obtains a series of Pareto optimal solutions through
multi-objective optimization, ultimately identifying the best mix proportion. The decision variables
in this optimization are the proportions of various materials in the concrete mix, with concrete’s frost
resistance, chloride ion permeability resistance, and cost as the objectives. The feasibility of this frame-
work was subsequently validated. The results indicate the following: (1) The RSM model exhibits a
high level of predictive accuracy, with coefficient of determination (R-squared) values of 0.9657 for
concrete frost resistance and 0.9803 for chloride ion permeability resistance. The RSM model can be
employed to construct the fitness function for the optimization algorithm, enhancing the efficiency
of multi-objective optimization. (2) The NSGA-III algorithm effectively balances durability and
cost considerations to determine the optimal mix proportion for the concrete. After multi-objective
optimization, the chloride ion permeability resistance and frost resistance of the high-performance
fiber-reinforced concrete improved by 38.1% and 6.45%, respectively, compared to the experimental
averages, while the cost decreased by 2.53%. The multi-objective optimization method proposed in
this paper can be applied to mix design for practical engineering projects, improving the efficiency of
concrete mix design.

Keywords: high-performance fiber-reinforced concrete; durability; multi-objective optimization;
Latin hypercube experimental design; response surface methodology; NSGA-III

1. Introduction

High-performance fiber-reinforced concrete (HPFRC) exhibits superior ductility and
toughness compared to ordinary concrete [1–4]. As a result, HPFRC has found extensive
applications in practical engineering in recent years [5–7]. Concrete structures in the
northern coastal regions of China are not only subject to the detrimental effects of chloride
salt intrusion but also the unique freeze−thaw cycles in the northern sea areas. The
nonlinear coupled effects arising from the interaction of these two factors accelerate material
degradation and performance deterioration of concrete components, highlighting the
prominent issue of durability [8–11]. Besides adopting measures from a structural design
perspective, such as implementing protective coatings and increasing the thickness of the
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concrete protective layer, it is imperative to conduct research on enhancing the concrete’s
inherent durability.

The durability of concrete mainly considers frost resistance and chloride ion perme-
ability, as these two factors directly affect the long-term performance and safety of concrete
structures. The frost resistance of concrete refers to its performance under low temperatures
and freeze−thaw cycling conditions. The volume expansion of water in concrete during
freezing may lead to the generation and expansion of microcracks, thereby reducing the
structural integrity and load-bearing capacity of the concrete. In cold winter regions, frost
resistance is a key factor in ensuring the integrity and safety of concrete structures; the
impermeability of chloride ions involves the permeability resistance of concrete to chlo-
ride ions. The penetration of chloride ions (mainly from salt water or seawater) is one of
the main reasons for the corrosion of steel bars in concrete. Corrosion of steel bars can
seriously affect the integrity and durability of concrete structures. Therefore, improving
the impermeability of concrete to chloride ions can effectively prevent steel corrosion and
prolong the service life of concrete structures. By improving these two properties, the
durability and service life of concrete structures can be significantly improved [12–16].
Numerous scholars have studied the parameters that affect the durability of concrete,
and the research results indicate that the frost resistance and chloride ion permeability of
concrete are mainly influenced by the mix ratio of raw materials such as cement, water,
aggregates, and additives [17–21]. These factors determine the durability and service life
of concrete structures. Currently, most people refer to the “General Concrete Mix Design
Code” [22] for mix proportion design and employ orthogonal experiments to seek the
optimal mix. However, when using orthogonal experiments to find the best mix, there
are drawbacks, such as a substantial workload, low predictive accuracy, and suboptimal
results [23–25]. Additionally, it cannot establish a clear functional relationship between
factors and response values in a specified region [26,27].

To unravel the complex relationship between concrete mix proportions and resistance
to freezing and chloride ion penetration, statistical models are often introduced in relevant
experiments and analyses. The response surface method (RSM) is commonly used to
predict the durability of concrete [28,29]. RSM is a product of the fusion of mathematics
and statistics, capable of establishing mathematical models between multiple factors and
one or more response values with minimal experimental data [30,31]. It evaluates the
impact of interaction among factors on response values, determines the optimal response
values, and offers advantages over orthogonal experiments, such as requiring fewer trials,
lower costs, and higher predictive accuracy [32]. Naraindas Bheel et al. [33] employed
RSM’s central composite design (CCD) to establish a relationship between 13 different raw
material contents and eight target values in engineered cementitious composites (ECC).
They validated the predicted values through experiments, and the results showed a strong
correlation between the predicted values and the experimental data. Wang et al. [34]
used RSM’s central composite design to perform experimental design on basalt fiber foam
concrete and achieved multi-objective optimization by incorporating utility functions.
Zhang et al. [35] utilized RSM with a Box−Behnken design (BBD) to obtain the optimal
aggregate grading and admixture dosage for permeable concrete made with recycled
aggregates. The aforementioned studies demonstrate that the application of RSM in
optimizing construction material mixtures offers significant advantages. However, research
on the application of RSM for optimizing the mix proportions of high-performance fiber-
reinforced concrete is relatively scarce.

In addition, when designing the mix proportion of concrete, the economic cost require-
ments of the engineering application must be taken into consideration [36]. However, there
exists a conflict between the durability of concrete and the economic cost [37]. In recent
years, the nondominated sorting genetic algorithm (NSGA) has been applied to concrete
mix proportion design, providing a new solution for multi-objective optimization problems
(MaOPs) [38,39]. The basic NSGA proposed by Srinivas and Deb [40] has been widely used
to solve MaOPs, but it comes with high computational complexity. Therefore, Deb et al. [41]
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proposed the NSGA-II algorithm, which incorporates elite preservation, fast nondominated
sorting, and crowding distance selection operators. NSGA-II has advantages such as fast
operation speed and good convergence. However, the crowding distance selection in
three-dimensional and higher dimensional objective spaces may not be effective, leading
to a reduction in the diversity of solutions. Reducing the complexity of the dataset may
potentially improve the accuracy of deep learning models. Simplifying the process of
the dataset can help deep learning models learn key features related to problems more
effectively, thereby improving their performance and generalization ability. In practice,
finding the appropriate level of dataset complexity often requires adjustments based on
domain knowledge and experimental results [42,43].

Hence, Deb and Jain [44] introduced NSGA-III. In comparison, NSGA-III directly
searches for the Pareto optimal solutions in the space, eliminating issues such as trans-
formation parameters and information loss, making the search process simple and in-
tuitive. Furthermore, the inherent characteristics of genetic algorithms make NSGA-III
widely adaptable; the combination of continuous and discrete variable inputs does not
significantly affect the algorithm’s performance. NSGA-III guides the selection of non-
dominated solutions using uniformly distributed reference points in space, effectively
ensuring the widespread distribution and diversity of nondominated solutions in high-
dimensional objective spaces. In fact, NSGA-III is currently recognized as the best algorithm
for MaOPs [45–47]. At present, NSGA-III has been applied and demonstrated effective in
multi-objective optimization in various fields such as automation technology, water supply,
and aerospace [48–50]. However, there is a notable scarcity of reported applications of
NSGA-III in the domain of concrete mix proportion design.

This study commences with the utilization of a Latin hypercube experimental design
methodology for mix proportion development. Subsequently, upon obtaining specimen
samples, concrete specimens are fabricated, and frost resistance, as well as chloride ion per-
meability tests, are conducted. This facilitates the acquisition of the relative dynamic modu-
lus of elasticity and chloride ion migration coefficient for concrete specimens corresponding
to various mix proportions. A response surface model is then established. Subsequently,
the constructed response surface model is integrated with the NSGA-III algorithm, thereby
achieving multi-objective optimization for high-performance fiber-reinforced concrete.

2. Preliminary Information
2.1. Latin Hypercube Design

Before designing and optimizing the mix proportion of high fiber reinforced concrete,
it is necessary first to use certain experimental design methods to sample the design space
and generate a certain number of sample points. The commonly used experimental design
methods include orthogonal design, uniform design, Latin hypercube sampling, etc. The
Latin hypercube design (LHD) is a method used for experimental design and sampling
design space, and its core idea is to ensure that each level value is evenly and randomly
paired with other levels in each dimension. This design approach helps to achieve wide
coverage in the design space while reducing the number of samples, which improves
sampling efficiency compared to completely random sampling methods.

The key elements to ensure that the results of Latin hypercube sampling are unbiased
and effective are as follows:

(1) Uniformity: The core goal of LHD is to ensure a uniform distribution of sample points
in each dimension, ensuring comprehensive coverage of the design space.

(2) Randomness: By randomly selecting sample points on each dimension, LHD ensures
that sufficient randomness is introduced during the sampling process so that the
results are not affected by specific points.

(3) Reduce sample size: Compared to comprehensive sampling, LHD reduces the required
sample size by effectively selecting sample points, improving sampling efficiency.

When applying LHD to design space sampling: In a multidimensional design space,
LHD divides each dimension into equal intervals and selects a sample point within each
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interval to ensure a uniform selection of sample points throughout the entire design space.
This helps to capture representative features of the design space rather than just sampling
in certain local areas. The basic theory is as follows:

Assuming the probability distribution function of each element of the K-dimensional
random variable x is Fi (I = 1, 2, . . ., K). The elements of vector x are independent of each
other, and each element is sampled N times, which is the value of the jth (j = 1, 2, . . ., N)
sampling of the k (k = 1, 2, . . ., K) th element. Define N × K-dimensional matrix P. Each
column of P is composed of a random arrangement of elements in the sequence {1, 2, . . .,
N}. If the random variable ξ jk follows a uniform distribution on the interval [0,1], the result
obtained after sampling is:

xjk = F−1
k [(pjk− 1 + ξjk)/N] (1)

In the equation, pjk is N × The j row and k column elements of the K-dimensional
matrix P.

Assuming the existence of function h(x), the unbiased estimate of the mean E(h(x)) of
function h(x) is defined as:

a
h =

N

∑
j=1

h(xj)/N (2)

The variance of the unbiased estimate
a
h for simple random sampling is:

D(
a
h) = D(h(x))/N (3)

The variance of the unbiased estimation of Latin hypercube is:

D(
a
h) = D(h(x))/N + (N − 1)cov(h(x1n), h(x2n))/N (4)

It can be proven that the probability of (N− 1)cov(h(x1n), h(x2n))/N approaches a negative
value. Therefore, Latin hypercube sampling is easier to converge than random sampling.

The key factor in ensuring unbiased and efficient results when dividing the experi-
mental domain of LHD lies in its design method, which ensures the representativeness of
the samples by uniformly and randomly selecting sample points. This helps to explore
the design space more effectively in tasks such as experimental design and parameter
optimization, reducing the number of required experiments and improving the efficiency
and cost-effectiveness of experiments. Numerous scholars have further verified the above
viewpoint through theoretical research [51,52]. Therefore, we select LHD to determine the
sample points required for concrete mix design.

2.2. Response Surface Model

Response surface methodology is a method of optimizing experimental conditions
suitable for fitting the complex nonlinear response relationship between optimization
objectives and experimental factors. The multivariate second-order response surface model
is generally represented by the following equation.

y(x) = β0 +
m

∑
i=1

βixi +
m

∑
i=1

βiix2
i +

m

∑
i<j

βijxixj (5)

In the equation, y(x) represents the response objective function; xi, xj represents the
i-th and jth experimental factors; β0 represents a constant term, βi, βii, βij represents various
coefficients; m represents the number of parameters to be optimized.



Coatings 2023, 13, 2054 5 of 19

2.3. NSGA-III Algorithm

Nondominated sorting genetic algorithm III (NSGA-III) is a widely used multi-
objective optimization (MO) algorithm designed to solve two types of problems: main-
taining good solution diversity and optimizing solution convergence. This is an improved
version that compensates for the shortcomings of its predecessor, NSGA-II, in losing solu-
tion diversity and accuracy when dealing with high-dimensional problems.

The core operations of NSGA-III include nondominated sorting, calculation of crowd-
ing distance, evolutionary operations (selection, crossover, and mutation), and environ-
mental selection. Its unique features and mechanisms are mainly reflected in the following
points:

Reference point mechanism: NSGA-III introduces the concept of reference points to
improve the diversity of solutions. During the initialization phase, the algorithm generates a
set of reference points. These reference points are used in each generation to select solutions
and create the next generation. The solutions are selected to minimize their distance from
the reference point. This ensures the distribution and coverage of the understanding.

Multiple nondominated levels: NSGA-III implements multiple nondominated sorting
of solutions. The solution is divided into several nondominated layers, each layer being
superior to its lower layer. In each generation, the algorithm prioritizes solutions from
higher levels.

Crowding distance: In order to maintain population diversity, NSGA-III uses a crowd-
ing distance mechanism. Among solutions with the same level, solutions with lower
crowding (i.e., solutions with more “space” around them) will be preferred. This helps to
prevent the algorithm from overly focusing on a small portion of the search space, thereby
achieving diversity of understanding.

Additional parents: When selecting solutions to create the next generation, NSGA-III
not only considers the current parents (so-called P population) but also considers new
possible solutions generated through offspring (so-called Q population). This is also known
as a “joint population”, and this design can increase the diversity of solutions and accelerate
the speed of evolution.

Special environment selection strategy: When a new P population needs to be selected,
NSGA-III will first select nondominated solutions and add excess solutions to the popula-
tion according to the reference point allocation strategy, which ensures the convergence of
the solution in multi-objective optimization problems.

Overall, NSGA-III effectively addresses multi-objective optimization problems through
these mechanisms, overcomes weaknesses in the diversity of solutions, and provides uni-
formly distributed solutions at the Pareto frontier, thereby enhancing the convergence
of the algorithm. This characteristic makes NSGA-III perform well in handling practical
engineering problems such as high-performance fiber-reinforced concrete. Meanwhile, to
balance the relationships between objective functions, an adaptive normalization technique
is introduced. The ideal point for the population, St = F1 ∪ F2 ∪ . . . ∪ Fl, is defined as
the minimum point attained by the population St on each respective objective. When
normalizing multiple objectives, it is necessary to construct hyperplanes by seeking limit
points to determine intercepts. Subsequently, the obtained intercepts are utilized to normal-
ize the objectives individually. Considering that the mixed NSGA-III produces a Pareto
solution set that closely approximates the actual optimal solution set of the problem, the
obtained Pareto solution set after multi-objective optimization can be considered the final
optimal solution. Therefore, the corresponding maximum value of the i-th objective in
the corresponding population can be used to replace the intercept of the corresponding
objective.

f n
i (x) =

fi(x)− zmin
i

zmax
i − zmin

i
, for i = 1, 2, · · · , M (6)

In the formula, M represents the number of targets; x represents the decision variable;
fi(x) represents the target value of x on the corresponding i-th target; zi

min and zi
max repre-
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sent the minimum and maximum values of the population on the i-th target, respectively;
fin(x) represents the normalized target value of the i-th target.

3. Method

This paper presents a smart hybrid system designed for simultaneously optimizing
both the durability and cost-effectiveness of high-performance fiber-reinforced concrete,
achieving multi-objective enhancement. Figure 1 shows the flowchart of the model. The
overall framework of this article is divided as follows.
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3.1. Latin Hypercube Experimental Design

(1) Determine design variables

Determine the key design variables that affect the mix design of high-performance
fiber-reinforced concrete, such as water content, cement content, fly ash content, fine aggre-
gate content, coarse aggregate content, water-reducing agent content, and fiber content. The
design variables determined in this article are all independent variables, further ensuring
that the Latin hypercube sampling results are unbiased.

(2) Set variable range

To ensure the rationality of the mix proportion of high-performance fiber-reinforced
concrete, a suitable range of raw material content is set through consulting relevant litera-
ture and preliminary mix proportion tests [53–55].

(3) Determine the number of sampling points

Determine the number of Latin hypercube sampling points to generate. This depends
on the complexity of the problem and the sampling requirements for the design space.

(4) Generate Latin hypercube sampling

Generate uniformly distributed sampling points within the design variable range
using the Latin hypercube sampling method. This article uses the pyDOE library in Python
for Latin hypercube sampling.

(5) Durability test and data preprocessing

Using the generated Latin hypercube sampling points as input parameters for con-
crete mix proportions, prepare concrete and conduct corresponding frost resistance and
chloride ion permeability tests to obtain the relative dynamic elastic modulus and chloride
ion migration coefficient corresponding to different sample points. The dimensions and
attribute ranges of various input variables representing the proportion of raw materials in
concrete are not the same and cannot be directly compared. Therefore, formula (7) is used
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to unify input variables and output energy consumption into intervals [−1,1] to achieve
data normalization and unify the dimensions of variables so that each feature plays a role
in the prediction process.

y = (ymax − ymin)×
x− xmin

xmax − xmin
+ ymin (7)

3.2. Establishing an RSM Model

Based on the durability test results, a response surface model is constructed to obtain
the nonlinear relationship between the durability of high-performance fiber-reinforced con-
crete and the amount of raw materials added. The reliability of the RSM model is evaluated
using correlation coefficient R2 and adjustment coefficient Ra

2. Generally, R2 ∈ [0,1], and
the closer R2 is to 1, the higher the fitting accuracy of the response surface model, usually
requiring R2 > 0.9. The calculation formula is shown in the following equation.

R2 = 1− Sr

Sm + Sr
(8)

R2
a =

Sr/Dr

(Sm + Sr)/(Dm + Dr)
(9)

In the formula, Sr is the sum of squares of the residuals; Sm is the sum of regression
squares; Dr is the residual degree of freedom; Dm is the degree of freedom of regression.

3.3. Multi-Objective Optimization Based on NSGA-III
3.3.1. Concrete Durability Objective Function

Based on the response surface model, construct a chloride ion impermeability model
for high-performance fiber-reinforced concrete, represented by f 1 and the frost resistance
model, represented by f 2.

f1 = max[RSM(x1, x2, . . . , xn)] (10)

f2 = min
[
RSM

(
x′1, x′2, . . . , x′n

)]
(11)

Among them, x1, x2, . . ., xn are the input variables of the response surface model used
for prediction.

3.3.2. Economic Cost Function

In practical engineering, concrete structure needs to control the economic cost of
concrete while meeting the durability requirements. The objective function f 3 of optimizing
the economic cost of concrete is expressed as:

In practical engineering applications, it is necessary to balance the cost and durability
of high-performance fiber-reinforced concrete. The function f 3 with cost as the optimization
objective is represented as follows:

f3 = min
n

∑
i=1

vixi (12)

Among them, xi represents the i-th raw material that constitutes high-performance
fiber-reinforced concrete, and vi represents the cost of the i-th raw material.
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3.3.3. Constraint Condition Setting

To guarantee an effective and practical composition of high-performance fiber-reinforced
concrete, establishing an appropriate range for the content of raw materials and setting
suitable constraints is essential. The general form of constraints is:

bmin ≤ xi ≤ bmax (13)

In the formula, xi represents the raw material of the i-th high-performance fiber-
reinforced concrete, while bmin and bmax represent the minimum amount of the i-th raw
material, respectively.

3.3.4. Multi-Objective Optimization Based on NSGA-III

Using the MATLAB platform, implement the NSGA-III algorithm with the aim of
enhancing the durability of concrete while concurrently minimizing its cost. The result
of this algorithm will be the set of Pareto optimal solutions for concrete mix proportions.
The fundamental steps for acquiring the Pareto optimal solution set through the NSGA-III
algorithm include:

(1) Initialize population: Randomly generate an initial population, where each individual
contains the variables of the problem and the values of the objective function.

(2) Set algorithm parameters: Determine the parameters of the algorithm, such as pop-
ulation size, crossover probability, mutation probability, maximum number of itera-
tions, etc.

(3) Execute the NSGA-III algorithm: Use the core steps of the NSGA-III algorithm, includ-
ing nondominated sorting, crowding allocation, genetic operations (crossover and
mutation), etc. These steps will gradually optimize the individuals in the population,
generating a set of approximate Pareto frontier solutions.

(4) Termination condition: Define the stopping condition, such as reaching the maximum
number of iterations, Pareto frontier convergence, etc.

(5) Obtaining results: After the algorithm runs, the final Pareto frontier solution set is
obtained, which represents the nondominated solution set of the problem.

(6) Analysis results: For each Pareto frontier solution, analyze its performance on var-
ious objective functions and select the solution that best meets the requirements of
the problem.

4. Case Analysis
4.1. Engineering Background

The Xinan River Grand Bridge is situated on Binhai East Road, Laishan District, Yantai
City, Shandong Province, China. It was completed in 2003 and serves as a major trans-
portation artery connecting the Laishan and Muping districts. Given its substantial traffic
volume, the project environment is depicted in Figure 2. This sea-crossing bridge is located
in the frozen waters of northern China. Concrete components within the fluctuating water
levels are subjected not only to chloride erosion but also to the unique freeze−thaw cycles
prevalent in northern maritime regions. The coupling effect arising from the interaction of
these two factors accelerates the material degradation and performance deterioration of the
concrete elements. Consequently, the durability issues of the bridge are notably prominent.

To address these challenges, this study focuses on the development of high-performance
fiber-reinforced concrete to enhance the structural durability of the Xinan River Grand Bridge.

According to the “Durability Design Standard for Concrete Structures” [56], the spec-
imens are placed in a rapid freeze−thaw machine for 300 freeze−thaw cycles, and the
relative dynamic elastic modulus of the specimens is measured to represent the frost re-
sistance of the concrete. The chloride ion migration coefficient of the concrete after 28
days of curing is measured using the RCM method to represent the chloride ion perme-
ability of the concrete. This study focuses on the C50 concrete used in the aforementioned
projects. Figure 3a,b shows photos of the relative dynamic elastic modulus test and chloride
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ion migration coefficient of the tested concrete specimens. The raw materials used in
this experiment include cement produced by Shandong Shanshui Group (Jinan, China),
first-class fly ash produced by Hengyuan New Materials Co., Ltd., (Dongying, China),
polycarboxylic acid high-efficiency water-reducing agent produced by Kaili Chemical, and
polyacrylonitrile fiber produced by Huixiang Fiber, among others.
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4.2. Proportion Design of High-Performance Fiber-Reinforced Concrete Based on LHD

This study mainly considers the influence of seven factors on the two durability
indicators of high-performance fiber-reinforced concrete. These seven factors are water
content (x1), cement content (x2), fly ash content (x3), fine aggregate content (x4), coarse
aggregate content (x5), water reducer content (x6), and fiber content (x7). This article uses
the pyDOE library in Python to conduct Latin hypercube sampling and obtain 36 sets
of Latin experimental samples. The design variables determined in this article are all
independent variables, further ensuring that the Latin hypercube sampling results are
unbiased.

The response surface model contains 1 + 2m + m (m − 1)/2 coefficients to be solved.
When m = 7, the test should include at least 36 sets of test sample points, and the test
arrangement in Table 1 meets the requirements.



Coatings 2023, 13, 2054 10 of 19

Table 1. Initial Data Information.

Item Units Parameter Type
Date (36)

Min Max Ave

x1 kg/m3 Input 135 165 150
x2 kg/m3 Input 385 435 410
x3 kg/m3 Input 33 126 79.5
x4 kg/m3 Input 680 700 690
x5 kg/m3 Input 1116 1142 1129
x6 kg/m3 Input 4.16 5.77 4.965
x7 kg/m3 Input 24.36 73.08 48.72

4.3. Prediction of Durability Utilizing a Response Surface Model
4.3.1. Collection of Sample Data

Using the Latin hypercube experimental design, 36 sets of Latin test samples were
obtained and subjected to rapid freeze−thaw test and RCM test, respectively. The results
of freeze−thaw resistance and chloride ion permeability of 36 sets of Latin test samples
were obtained, as shown in Table 2.

Table 2. Sample Dataset and Related Information.

Item Units Parameter Type
Date (36)

Min Max Ave Median SD

x1 kg/m3 Input 135 165 150 150.00 9.64
x2 kg/m3 Input 385 435 410 410.00 16.08
x3 kg/m3 Input 33 126 79.5 79.50 29.91
x4 kg/m3 Input 680 700 690 690.00 6.43
x5 kg/m3 Input 1116 1142 1129 1129.00 8.36
x6 kg/m3 Input 4.16 5.77 4.965 4.96 0.51
x7 kg/m3 Input 24.36 73.08 48.72 48.72 15.66

RD % Output 85.1 91.2 88.15 87.78 1.62
CP 10−12 m2/s Output 1.6 3.5 2.55 2.58 0.53
CO yuan Output 638.54 1068.39 853.46 853.47 123.38

4.3.2. Evaluation of Forecast Results

(1) Frost resistance model of concrete based on response surface.

According to the results of 36 groups of data, a concrete frost resistance model based
on response surface is constructed, and a multiple regression model with water content,
cement content, fly ash content, fine aggregate content, coarse aggregate content, water
reducer content, and fiber content as response values is obtained. See Figure 4 and Table 3
for verification results.
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Table 3. Error Analysis of Frost Resistance Regression Model.

Items Std. Dev. C.V.% R2 Ra
2

value 0.45 0.51 0.9657 0.9111

As can be seen from Figure 4 and Table 3, the determination coefficient R2 of the
regression model is 0.9657, which is close to 1, indicating that the predicted relative dynamic
elastic modulus of high-performance fiber-reinforced concrete is highly correlated with
the actual value. The adjustment coefficient Ra

2 is 0.9111, which is greater than 0.8; the
coefficient of variation is 0.51%, less than 10%. It shows that the second-order response
surface model has a good fitting degree and can effectively and accurately predict the
relative dynamic elastic modulus of high-performance fiber-reinforced concrete under
different mix proportions.

(2) Response surface-based model for chloride ion permeability resistance

Based on 36 sets of data results, a response surface-based chloride ion permeability
resistance model was constructed to obtain a multiple regression model with response
values of water content, cement content, fly ash content, fine aggregate content, coarse
aggregate content, water-reducing agent content, and fiber content. The validation results
are shown in Figure 5 and Table 4.
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Table 4. Error analysis of regression model for chloride ion impermeability.

Items Std. Dev. C.V.% R2 Ra
2

value 0.10 4.08 0.9803 0.9490

From Figure 5 and Table 4, it can be seen that the determination coefficient R2 of the
regression model is 0.9803, which is close to 1, indicating that the predicted value of the
chloride ion migration coefficient of high-performance fiber-reinforced concrete is highly
correlated with the actual value. The adjustment coefficient Ra

2 is 0.9490, greater than 0.8;
the coefficient of variation is 4.08%, less than 10%. This indicates that the second-order
response surface model has a good fitting degree and can effectively and accurately predict
the chloride ion migration coefficient of high-performance fiber-reinforced concrete under
different mix ratios.



Coatings 2023, 13, 2054 12 of 19

4.4. Multi-Objective Optimization Utilizing NSGA-III
4.4.1. Formulation of the Objective Function

In engineering endeavors, enhancing the durability of concrete typically accompanies
increased costs. To strike a balance between cost-effectiveness and ensuring optimal
durability, a multi-objective optimization approach is employed.

(1) Optimization objective function of concrete frost resistance based on response sur-
face model.

The response surface model serves the purpose of predicting the relative dynamic
elastic modulus of concrete. Subsequently, the objective function for optimizing the frost
resistance of concrete is formulated as follows:

max · f1 = max[RSM(x1, x2, . . . , x7)] = β0 +
7

∑
i=1

βixi +
7

∑
i=1

βiix2
i +

7

∑
i<j

βijxixj (14)

In the formula, x1, x2, x3, x4, x5, x6, and x7 respectively represent the water content,
cement content, fly ash content, fine aggregate content, coarse aggregate content, water-
reducing agent content, and fiber content.

(2) Optimization objective function of chloride ion impermeability of concrete based on
response surface model.

Based on the response surface model, the chloride ion migration coefficient of concrete
is predicted, and the objective function of optimizing the chloride ion impermeability of
concrete is established. The objective function for optimizing the chloride ion permeability
of concrete is as follows:

max · f2 = max[RSM(x1, x2, . . . , x7)] = β′0 +
7

∑
i=1

β′ixi +
7

∑
i=1

β′iix
2
i +

7

∑
i<j

β′ijxixj (15)

(3) The objective function of concrete economic cost optimization

The costs of the raw materials employed in the concrete for the specific project under
examination are presented in Table 5.

Table 5. Pricing information for the raw materials used in concrete.

Component Units Cost (Yuan)

Water kg 0.0018
Cement kg 0.4
Fly ash kg 0.51

Fine aggregate kg 0.12
Coarse aggregate kg 0.14
Superplasticizer kg 5.6

Polymer fiber kg 7.8

Based on the above price information, the economic objective function of high-
performance fiber-reinforced concrete is as follows:

min · f3 = 0.0018x1 + 0.4x2 + 0.51x3 + 0.12x4 + 0.14x5 + 5.6x6 + 7.8x7 (16)

4.4.2. Using NSGA-III Algorithm for Durability and Economic Optimization

(1) Acquiring the Pareto optimal solution set for concrete mix proportions

In this investigation, the NSGA-III algorithm was characterized by a crossover rate
of 0.7, a mutation rate of 0.01, a population size of 40, and a maximum generation limit
of 80. Over the course of 80 iterations, the NSGA-III algorithm was applied to fulfill the
durability specifications of high-performance fiber-reinforced concrete, concurrently aiming
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to achieve a noteworthy reduction in economic costs. Ultimately, the Pareto solution set
for optimizing the mixture proportions of high-performance fiber-reinforced concrete was
acquired, as depicted in Figure 6.
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Figure 6 illustrates the Pareto solution set obtained through the optimization of the
mix ratio for high-performance fiber-reinforced concrete using the NSGA-III algorithm.
On the horizontal axis of the figure, the relative dynamic elastic modulus and chloride ion
permeability of high-performance concrete are depicted, serving as parameters to assess
the durability of the concrete. Meanwhile, the vertical axis represents the cost associated
with high-performance fiber-reinforced concrete.

By scrutinizing the variations in surface color, it becomes evident that, with an es-
calation in concrete cost, the surface color undergoes a discernible shift from deep blue
to light green. The Pareto points concentrated in the blue region of the curved surface
exhibit diminished values in both cost and durability indicators. As durability indicators
advance, there is a concurrent increase in cost, signifying a positive correlation between
the durability and cost of high-performance fiber-reinforced concrete. To a certain degree,
augmenting the economic outlay of concrete can proficiently enhance its durability.

Figure 7 depicts the projections of Figure 6 on the freeze−thaw resistance and chloride
permeability planes.

After applying optimization with NSGA-III, the frost resistance index of high-performance
fiber-reinforced concrete lies within the 86% to 92% range. The optimized chloride ion
migration coefficient varies within the range of 1.7 to 3.1 × 10−12 m2/s, while the cost falls
between 740 and 871 yuan. In accordance with the overarching trend observed in the Pareto
optimization solution set, a trade-off is evident between the chloride ion permeability and
the economic cost of high-performance fiber-reinforced concrete. Increasing the chloride
ion migration coefficient leads to a proportional rise in economic expenses. In other words,
enhancing the chloride ion resistance of concrete necessitates an increase in economic ex-
penditure. In contrast, the relationship between the relative dynamic modulus of elasticity
and economic costs for high-performance fiber-reinforced concrete remains inconclusive.
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(2) The Selection and Analysis of the Pareto Solution Set for Optimizing Mix Proportion.

The Pareto solutions for optimizing each concrete mix proportion are derived through
a meticulous consideration of the trade-offs inherent in multiple objectives. Put differently,
there exists no singular solution capable of concurrently attaining both high concrete dura-
bility and low economic costs. Consequently, when confronted with diverse engineering
projects, the imperative lies in selecting solutions that are aptly tailored to their specific
requirements. In order to explicate this nuanced equilibrium, we designate Point A as the
optimal balance obtained through the application of the ideal point method, comprehen-
sively assessing the equilibrium between concrete durability and cost. Point B is delineated
as the optimal solution, focusing predominantly on the performance of concrete durability,
while Point C embodies the optimal solution, ensuring the minimization of economic costs
in concrete. The intricate details of the specific parameters corresponding to Points A, B,
and C along the Pareto boundary are meticulously elucidated in Table 6. These parameters
serve as a scholarly guide for achieving optimal solutions amid diverse objective trade-offs,
facilitating judicious decision-making in the realm of specific engineering projects.

Table 6. Pareto points on selected points and corresponding specific parameters.

Indicator Item Units
A B C

Min Max Ave

Input indicator x1 kg/m3 135 135 135
x2 kg/m3 385 435 385
x3 kg/m3 96 126 40
x4 kg/m3 690 700 700
x5 kg/m3 1129 1116 1116
x6 kg/m3 4.96 4.16 4.16
x7 kg/m3 48.72 48.3 42.1
RD % 89.20 90.91 87.24
CP 10−12 m2/s 2.18 1.76 2.91
CO yuan 851.85 878.78 766.56

(3) Validation of hybrid framework optimization effectiveness

To validate the efficacy of the hybrid algorithm optimization, we prepared concrete
specimens in accordance with the aforementioned mixing ratio scheme and subsequently
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conducted durability tests on them. Table 7 presents a comparative analysis of predicted
and experimental values for the concrete durability indicators.

Table 7. Analysis of predicted and experimental values of concrete durability indicators.

Optimization Plan
for Mix Proportion

Anticipated
Outcomes

Experimental
Values Errors

RD CP RD CP RD CP
A 89.20 2.18 91.44 2.07 2.45% 5.31%
B 90.91 1.76 92.21 1.69 1.41% 4.14%
C 87.24 2.91 86.22 3.11 1.18% 6.43%

The disparity between the predicted values of RD and CP for concrete and their
corresponding experimental values is minimal. In Scheme A, the errors for these two
indicators are 2.45% and 5.31%, respectively. In Scheme B, the errors are 1.41% and 4.14%,
respectively. Meanwhile, in Scheme C, the errors stand at 1.18% and 6.43% for these two
indicators. The aforementioned outcomes substantiate the precision and dependability of
the multi-objective optimization model founded on NSGA-III.

5. Discussion

The established multi-objective optimization model based on NSGA-III enables the op-
timization of three objectives, addressing the multi-objective conflicts encountered in prac-
tical engineering scenarios. To substantiate the heightened efficacy of the three-objective
optimization relative to both single-objective and two-objective optimization, the optimiza-
tion process was executed, considering frost resistance, chloride ion impermeability, and
economic cost as objectives across varying quantities of objectives. The outcomes of the
single-objective, two-objective, and three-objective optimization endeavors are delineated
in Table 8.

Table 8. Optimization results of various quantitative indicators.

Optimization Objective
Anticipated Outcomes

CP RD CO

Single objective CP 1.68 90.11 878.97
RD 1.76 91.60 879.33
CO 2.91 87.24 766.56

Two objectives CD + RD 1.76 90.91 878.78
CP + CO 1.72 89.95 871.36
RD + CO 1.79 91.22 872.49

Three objectives CP + RD + CO 2.18 89.20 851.85
Actual average 3.52 83.79 873.95

The results summarized in Table 8 indicate the following:

(1) In optimizing the mix proportion of high-performance fiber-reinforced concrete, the
application of hybrid algorithms has yielded noteworthy outcomes. Whether pur-
suing single-objective optimization or multi-objective optimization, the achieved
optimization values surpass the average experimental data, signifying the substantial
advantages of this optimization method in enhancing concrete durability. Taking
three-objective optimization as an illustration, the relative dynamic elastic modulus
and chloride ion permeability coefficient are 89.20% and 2.18 × 10−12 m2/s, respec-
tively. In comparison, the corresponding average experimental values stand at 83.79%
and 3.52 × 10−12 m2/s. This marked improvement underscores the efficacy of multi-
objective optimization. Consequently, this research offers robust theoretical under-
pinnings and practical insights for refining the mix proportion of high-performance
fiber-reinforced concrete.
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(2) Specificity of single-objective optimization: When using a genetic algorithm for single-
objective optimization, the results were most tailored to the respective objective. The
target values for chloride ion permeability, relative dynamic elastic modulus, and
concrete economic cost obtained through single-objective genetic algorithm optimiza-
tion were better than those from multi-objective genetic algorithm optimization, with
optimized results of 1.68 × 10−12 m2/s, 91.60%, and 766.56 yuan, respectively.

6. Conclusions

Currently, high-performance fiber-reinforced concrete (HPFRC) finds extensive ap-
plications in both domestic and international practical engineering projects. However,
as the service environments for concrete structures become increasingly harsh, there is a
growing demand for enhanced durability. Rational concrete mix design plays a crucial role
in improving the durability of high-performance fiber-reinforced concrete, increasing the
service life of concrete components, and reducing the overall life-cycle maintenance costs.
Nevertheless, another essential objective in concrete mix design is cost reduction, which
can sometimes conflict with the goal of improving durability. Traditional concrete mix
design methods suffer from issues such as low efficiency and suboptimal results, making
the multi-objective optimization of durability and economic costs for high-performance
fiber-reinforced concrete a challenging task. Therefore, this article introduces an intelligent
optimization framework based on hybrid algorithms. A Latin hypercube experimental
design method is employed, considering factors such as water content, cement content,
fly ash content, fine aggregate content, coarse aggregate content, superplasticizer dosage,
and fiber dosage. Evaluation criteria include the relative dynamic modulus of elasticity,
chloride ion resistance, and economic considerations. Response surface prediction models
are established for each evaluation criterion. The NSGA-III algorithm is utilized within the
RSM model to autonomously search for the optimal mix design that maximizes overall per-
formance. Based on the optimization results and comparative experiments, the intelligent
framework proposed in this article, leveraging hybrid algorithms, effectively optimizes the
mix proportion of high-performance fiber-reinforced concrete. It not only meets durability
requirements to a certain extent but also ensures cost control.

The hybrid algorithm proposed in this article can achieve multi-objective optimization
of high-performance fiber-reinforced concrete within a certain range, but it also has certain
limitations. The performance of machine learning models is usually influenced by the
amount of training data, reliability, and complexity of the data. Even larger datasets
may not necessarily improve the accuracy of the model. In machine learning, this can
refer to “Kolmogorov complexity”, which is the length of the shortest computer program
that produces output. By reducing the complexity of the dataset, we can reduce the
computational burden on the model when processing data, making it easier to capture
patterns and correlations in the data. In this way, the model can predict and classify more
accurately, thereby improving its accuracy. Therefore, when designing and preparing
datasets, we should, to some extent, simplify the structure and features of the dataset to
improve the performance of deep learning models.

The 36 sets of data used for training the model in this study were all from the same
engineering project. Therefore, trained models may perform poorly in predicting specific
data for other projects. In future research, collecting more diverse and specific data can
better cover the characteristics and changes of different engineering projects and, to some
extent, improve the generalization ability of the model. This means that the trained model
can more accurately predict the specific data of other projects, rather than being limited
to engineering projects with training data sources; it can reduce the bias and variance of
the model and improve its reliability. This means that the model is more accurate and
reliable in predicting and optimizing engineering materials. At the same time, constructing
a hybrid algorithm that considers more parameters and objectives, further improving
the effectiveness of multi-objective optimization, and promoting the development of new
material design and optimization methods is our next research direction.
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