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Abstract: The use of carbon nanomaterials in ultra-high-performance concrete (UHPC) to improve its
mechanical properties and durability is growing. Graphene oxide (GO) has emerged as one of the
most promising nanomaterials in recent years for enhancing the properties of UHPC. The majority of
research so far has been on the properties of UHPC enhanced with GO, but its high cost has limited its
application in engineering. This work suggests a machine learning (ML)-based approach to optimize
the mix ratio in order to lower the cost of graphene oxide-modified UHPC. To do this, an artificial
neural network (ANN) is used to create the prediction model for the 28-day compressive strength
and slump flow of UHPC. The performance of this model is then compared using nine different ML
techniques. Subsequently, considering the restrictions of the UHPC component content, component
proportion, and absolute volume, a genetic algorithm (GA) is adopted to lower the UHPC cost. The
sensitivity analysis is carried out in the end. This study’s findings indicate that there is a decent
degree of prediction accuracy since the difference between the ANN model’s predictions and the
experimental outcomes is just 10%. The cost of UHPC optimized by GA is reduced to 776 $/m3,
significantly lower than the average cost of UHPC.

Keywords: ultra-high-performance concrete (UHPC); graphene oxide (GO); machine learning; cost

1. Introduction

Ultra-high-performance concrete (UHPC) is a popular cement-based material. It can
achieve very high strength and toughness by optimizing its material composition. UHPC
has been used in many structures around the world [1,2]. Due to the rapid development of
carbon nanomaterials in recent years and the need to further improve the performance of
UHPC, many scholars have begun to use carbon nanomaterials as additives for UHPC [3].
Carbon nanomaterials suitable for cement-based materials include carbon nanotubes [4,5],
graphene sulfonate nanosheets [6], and graphene oxide (GO) [7]. They have been proven
to reduce the amount of cement used in UHPC without affecting performance and produce
a new generation of multifunctional cement-based materials. As a nanomaterial with a
unique two-dimensional structure, GO can improve the overall performance of UHPC at
very low contents, including enhancing compressive strength, tensile strength, and flexural
strength, as well as reducing permeability and improving durability [8]. Compared with
other carbon-based nanomaterials, such as graphene nanosheets or carbon nanotubes, GO is
easily dispersed in water [9]. Graphene oxide-based materials and applications are currently
of great interest due to their unique qualities that can substantially improve the properties
of composite materials. Graphite oxide is created when graphite undergoes oxidation.
Graphene oxide is then formed (C54H17 + O + (OH)3 + COOH). The chemical process that
creates graphite oxide from concentrated acids and a strong oxidizing agent is commonly
used to create exfoliated graphite. GO sheets feature a high degree of hydrophilicity due
to the functionalization of carboxyl and carbonyl groups at the edges and hydroxyl and
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epoxide groups at the basal planes. According to the study by Chu et al. [10], the optimal
dosage of GO is 0.05% of the cementitious material, which can improve the compressive
and flexural strength of UHPC. Wu et al. [8] found that the compressive strength and
flexural strength of UHPC increased with the addition of GO and proposed the optimal
dosage of 0.02% by weight of the cement. Luo et al. [11] found that 0.02% GO significantly
increased the flexural strength of UHPC and effectively strengthened the interface between
the steel fibers and matrix. Carbon atoms with sp2- and sp3-hybridized orbitals make
up GO, a hexagonal network. Hydroxyl and epoxide groups make up a large number of
the functional groups in the GO structure. Because of the hydrophilic quality that these
functional groups confer, graphene oxide is readily dissolved in water. Making use of
GO’s strong water dispersion capability makes it possible to blend components based on
cement. GO also possesses a great specific area, extremely high strength, and remarkable
flexibility, all of which may be used to adjust the cement matrix qualities in an efficient
manner. The durability, mechanical characteristics, and microstructures of concrete are all
directly correlated. GO has the capacity to improve the cement matrix’s pore structure,
increasing the concrete’s ability to withstand chemical assaults and fluid infiltration. This
may significantly slow down the corrosion process of steel reinforcement. Hence, GO has a
positive impact on the advancement of UHPC.

At present, the development of UHPC still relies on time-consuming and laborious
trial-and-error methods. In addition to the complexity of raw materials, its high cost is
also the main reason limiting the widespread application of UHPC containing GO. With
the advancement of nanotechnology, the industrial-grade GO can be produced at lower
manufacturing costs. Therefore, using GO to improve the performance of cement-based
materials is economically feasible. Currently, most research has focused on enhancing the
macro and micro performances of UHPC with GO, and further research is needed to use
GO from an economic perspective.

With the rapid development of artificial intelligence, machine learning (ML) algorithms
are gradually being applied to material performance evaluation and optimization [12–15].
Many types of cement-based materials have been optimized using ML methods, like
graphene-modified cementitious composites [16,17], rubber-modified recycled aggregate
concrete [18], reinforced concrete [19], sustainable high-strength concrete [20], and waste
glass reinforced cement [21]. ML is a branch of artificial intelligence that can automatically
extract hidden relationships from high-dimensional data and transform them into explicit
information or knowledge. ML provides an opportunity to capture the complex multidi-
mensional relationships between the input (mix ratio) and output (material properties)
while reducing the need for trial-and-error methods in specific designs. It uses historical
data to train models, which can later be used to predict material properties. This method
has been used to predict the properties of concrete, demonstrating its ability and versatility.
Farooq et al. [22] introduced four machine learning algorithms, namely random forest,
gene expression programming, artificial neural networks (ANN), and decision trees, to
predict the performance of concrete. Shamiri et al. [23] developed a new ML model for
predicting the strength of UHPC, which has high accuracy and good generalization ability.
In addition to predicting material properties, the ML methods have also demonstrated
excellent capabilities in cost optimization. Lee et al. [24] optimized the cost of UHPC using
neural networks and harmonic search algorithms. Cheng et al. [25] used support vector
regression and a genetic algorithm (GA) to optimize the mix proportion of UHPC, achieving
the minimum cost. Through the literature review, it can be noted that using ML methods
in UHPC performance prediction and cost estimation has the following advantages such
as solving nonlinear problems, identifying large amounts of material data, confirming
valid data, and correcting corresponding relationships to better simulate future data. Here,
ML methods are adopted to design GO-modified UHPC. Using ML methods to roughly
estimate and optimize the performance of concrete will greatly save time and costs in
testing and producing specimens.
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Figure 1 shows the flowchart of the whole framework of this research, which can be
categorized into two stages: the first one is the prediction model construction and the other
one is the establishment of the cost-optimization model. This research first establishes a
prediction model for the 28-day compressive strength and slump flow of UHPC using ANN.
The prediction performance of nine distinct ML methods is compared. Taking the 28-day
compressive strength, slump flow, component content, component proportion, and absolute
volume as constraints, the UHPC mix ratio with the lowest cost is obtained through GA
optimization. Finally, sensitivity analysis is conducted to evaluate the importance of each
raw material in UHPC on its performance. The purpose of this research is to explore the
effect of GO on the properties of UHPC and obtain the lowest cost ratio through ML under
the condition of meeting the engineering requirements for concrete performance, thereby
promoting the application of GO-modified UHPC.
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2. Modeling Methods
2.1. Artificial Neural Network

ANN is an information processing system composed of interconnected processing
units similar to neurons, which abstracts, simplifies, and simulates the organizational struc-
ture and operational mechanism of the animal brain. ANN simulates complex nonlinear
relationships between inputs and outputs through multiple levels of neural nodes and
weight connections. In addition to containing input and output layers, there are also one or
more hidden layers. ANN usually has good generalization ability. By adjusting the network
structure and parameters, they can adapt to various types of data and problems and can
make more accurate predictions on unseen data. The input layer contains nodes with an
equal number of features, each representing a feature of the input data, having multiple
hidden layers to capture complex relationships in input data. Each hidden layer contains
multiple neuron nodes, and each neuron learns to adjust to the appropriate weights to
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extract features and generate appropriate outputs. By introducing nonlinear activation
functions, such as ReLU or Sigmoid functions, into hidden layer neurons, they enhance
the fitting ability of nonlinear systems. For regression tasks, the output layer uses one or
more nodes to represent the output variables of the regression problem. ANN adapts
to input data by setting appropriate weights and biases. ANN often adopts the error
backpropagation algorithm to systematically solve the problem of learning hidden layer
connection weights in multi-layer neural networks [26]. The basic principle of ANN is
displayed in Figure 2.
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2.2. Genetic Algorithm

GA was first proposed by John Holland in the United States in the 1970s and later
summarized by DeJong, Goldberg, and others to form a class of simulated evolutionary
algorithms [27]. In order to acquire the best answers, a computational model mimics
Darwin’s theory of biological evolution’s genetic and natural selection processes. Initializa-
tion, individual assessment, selection operation, cross operation, mutation operation, and
termination condition judgment are the six parts that make up the fundamental workings
of GA. Fitness is a term used in evolutionary theory to describe an individual’s capacity
for environmental adaptation. The fitness function is employed in GA as the evaluation
function to determine the individual quality within a population. In this study, different
mix ratios of UHPC are used as different individuals in the population. The fitness function
is the UHPC cost function. The mix ratio of GO-modified UHPC with the lowest cost is
the individual with the greatest fitness, achieved after selection, crossover, and mutation
procedures. For further information on the particulars of GA, see earlier research [28].

2.3. K-Fold Cross-Validation

K-fold cross-validation (CV) was developed by Stone in 1974 and widely used in ML
to select the appropriate hyperparameters [29]. K-fold CV is a commonly used model
evaluation method. In K-fold CV, the original dataset is divided into k equal subsets, one of
which is retained as the validation set, while the other k-1 subsets are used to train the
model. This process is repeated k times, and each subset is used as a validation set. The
final result is the average of k’s validation results. This method fully utilizes all data for
training and validation; reusing these subsets to train and validate the model can reduce
bias and variance issues caused by improper dataset partitioning and provide a more
accurate estimate of the model’s generalization ability. Due to each sample being used as a
validation set, the model will not overly rely on specific training validation segmentation,
thereby reducing the risk of overfitting. The main process of the K-fold CV is displayed in
Figure 3.
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For this investigation, k = 10 is chosen. The study uses the correlation coefficient (R) and
mean squared error (MSE) to assess how well the hyperparameters work. The difference
between the experimental and predicted results is measured by the MSE. The model adopts
R to determine the degree of correlation between variables. Equations (1) and (2) are used
to compute the MSE and R.

MSE =
1
n

n

∑
i=1

(ymi − yi)
2 (1)

R =
∑n

i=1 (ymi − ymi)(yi − y)√
∑n

i=1(ymi − ymi)
2
√

∑n
i=1(yi − y)2

(2)

where n is the number of samples; ymi means the predicted result; and yi refers to the
experimental result.

2.4. Mean Impact Value

Mean impact value (MIV) is proposed to measure the relative importance of the
variables that affect outcomes and is used to evaluate the features in ML methods. The
specific operation process of MIV is as follows. Firstly, the ML model is trained through
the original training sample P. After the model training is completed, each independent
variable data in the original sample P is added or subtracted by 10% to form two new
training samples, P1 and P2. Then, input the new samples P1 and P2 into the trained ML
model to obtain two simulation results, Q1 and Q2. The difference between Q1 and Q2 is
called the impact value (IV), and then IV is divided by the sample size to obtain MIV. This
value can be used to determine the impact of input nodes on output nodes in the ANN
model. Calculate the MIV value of each input node through the above operation process,
whose absolute value reflects the correlation, and its plus–minus sign reflects the direction
of the correlation. Sorting the MIV by their absolute values yields a relative ranking of the
impact of each input node on the output value of the ANN.

3. Raw Materials and Experiments
3.1. Raw Materials

In the research, raw materials in UHPC include cement, fly ash, GO, silica fume, fine
aggregate, steel fibers, superplasticizer, and water. Except for GO, the study considers
the most basic raw materials, as it is not advisable to use too many different types of raw
materials in the plant for producing UHPC. Portland cement is provided by Sichuan Esheng
Company (Leshan, China). The fly ash adopts first-class fly ash with a specific surface area
of 415 m2/kg, provided by Chongqing Fuhuang Company (Chongqing, China). The silica
fume is supplied by Shanghai Shanying Environmental Protection Technology Co., Ltd.
(Shanghai, China). Table 1 summarizes the chemical composition and density of cement,
fly ash, and silica fume. Machine-made sand has an apparent density of 2630 kg/m3 and a
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fineness modulus of 3.34, which is used as a fine aggregate. The polycarboxylic acid water-
reducing agent, which has a 40% solid content and a 45% water-reducing rate, is made by
China Construction West Construction Co., Ltd. (Chengdu, China), and was utilized in
this experiment. The steel fiber’s dimensions are 12 mm in length, 0.25 mm in diameter,
and 1800 MPa for the ultimate tensile strength. The steel fibers are straight with a smooth
surface. Its properties meet the requirements of GB/T31387–2015 [30]. GO is sourced from
Jiazhaoye (Guangdong, China) New Materials Co., Ltd. Its technical parameters are listed in
Table 2. There are many different types of GO. Chemical functionalization is one technique
to rid the impact GO has on cement’s flowability. Chemically functionalized graphene
oxide may improve the fluidity of cement, while GO reduces the rheological properties
of cement [31]. This research only investigates graphene oxide. Chemical-functionalized
graphene oxide will be further considered in future research.

Table 1. Chemical compositions and densities of cementitious materials.

Composition SiO2
(%)

Al2O3
(%)

CaO
(%)

MgO
(%)

Na2O
(%)

K2O
(%)

Fe2O3
(%)

TiO2
(%)

SO3
(%)

P2O5
(%)

Density
(kg/m3)

Cement 21.39 5.15 61.04 2.82 0.64 0.62 3.86 0.85 3.1 0.10 3190
Fly ash 48.54 27.12 3.19 11.08 1.63 2270

Silica fume 94.57 0.67 0.34 0.23 0.82 0.15 2.07 0.90 2310

Table 2. Technical parameters of GO.

Thickness
(nm)

Diameter
(um)

Peelable
(%)

Carbon
(wt%)

Oxygen
(wt%)

Sulfur
(wt%)

Ash Content
(wt%)

Tap Density
(g/L) Granularity

2 10.4 96 46.9 55.8 <3.6 <2.8 600 <85

3.2. The Preparation and Testing of UHPC

A total of 31 mix proportions were prepared for this experiment, of which 30 were
used to confirm the ANN prediction model’s accuracy in predicting UHPC’s compressive
strength and slump flow. The other mix ratio was designed for the validation of the GA
optimization of UHPC. The mix ratio must accommodate the widest practical range. The
goal of adding more samples was to broaden their coverage range, which will enhance the
model’s accuracy and prediction range.

Table 3 lists the mix ratios of each group of UHPC samples in the experiment. For sam-
ple preparation, please refer to the methods mentioned in the previous references [32,33].
The mixing program consists of four steps as follows: (1) Pre-mix the drinking water and
GO in a separate container. Add a high-efficiency water-reducing agent and disperse the
GO suspension using ultrasound to ensure uniform dispersion of GO in the water. (2) Mix
the cement, silica fume, fly ash, and fine aggregates in a mixer for 2 min. (3) Add the
pre-mixed solution and stir for two minutes. (4) Add steel fibers and mix the mixture for
5 min. Pour the fresh UHPC mixture into a pre-lubricated mold. Compact the cube sample
on a vibration table. Afterwards, cover the sample with polyethylene sheets and cure it in
the laboratory for 24 h. After demolding, cure the sample in a standard environment. The
sample shall be cured for 28 days at a relative humidity greater than 95% and a temperature
of 21 ± 2 ◦C until the time of testing. GO is prone to cluster in cement-based materials. Even
when graphene oxide is modified by a superplasticizer before contact with cement paste,
the graphene oxide in the paste remains partly agglomerated [32]. Therefore, ultrasound
was used here for the dispersion of GO. The experiments have proved that ultrasound can
uniformly disperse graphene oxide in cement-based materials [32–36].



Inorganics 2024, 12, 181 7 of 20

Table 3. The mix ratios of UHPC in the experiments.

Cement (kg) FA
(kg)

GO
(kg)

SF
(kg)

Fine Aggregates
(kg)

Steel Fibers
(vol.%)

Superplasticizer
(wt%) Water (kg)

632 0 0.063 158 1316 2.0 1.8 223
642 0 0.128 148 1185 2.0 1.8 158
653 201 0.196 151 1008 2.0 1.8 161
675 125 0.270 115 1179 0.0 2.0 180
690 212 0.345 159 1061 3.0 1.8 191
692 0 0.415 148 1185 2.0 1.8 158
703 151 0.070 151 1005 2.0 1.8 161
718 0 0.144 127 1352 2.0 1.8 152
736 0 0.221 156 1182 2.0 1.8 173
741 198 0.296 148 1185 2.0 1.8 158
750 125 0.375 115 1104 0.0 2.0 180
763 191 0.458 106 1079 2.0 1.8 173
776 48 0.078 145 1212 2.0 1.8 165
777 0 0.155 108 1079 2.0 1.8 173
800 176 0.240 150 650 2.0 1.8 165
808 0 0.323 143 1189 2.0 2.0 175
811 0 0.406 143 1192 2.0 1.8 191
817 0 0.490 144 1202 2.0 1.8 180
840 0 0.084 148 1185 2.0 1.8 158
847 0 0.169 150 997 1.0 1.8 179
850 176 0.255 150 650 2.0 1.8 165
857 0 0.343 151 1008 1.0 1.8 191
861 0 0.431 152 1125 2.0 1.8 202
868 0 0.521 153 1021 3.0 2.0 183
870 0 0.087 154 1024 3.0 2.0 189
875 0 0.175 154 1144 2.0 1.8 206
890 0 0.267 157 1047 3.0 1.8 209
900 0 0.360 100 1350 0.4 2.5 170
903 0 0.452 159 1062 2.0 1.8 204
1000 0 0.600 0 1350 0.4 2.5 170

The fluidity of the fresh UHPC mixture was assessed by measuring its slump flow in
accordance with Chinese Standard GB/T2419–2005 [37]. The compressive strength of the
specimens was measured at 28 days. The specimens are 100 mm × 100 mm × 100 mm and
were tested according to Chinese Standard GB/T 31387–2015 [30]. The main process of the
experiment is illustrated in Figure 4.
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850 176 0.255 150 650 2.0  1.8 165 
857 0 0.343 151 1008 1.0  1.8 191 
861 0 0.431 152 1125 2.0  1.8 202 
868 0 0.521 153 1021 3.0  2.0 183 
870 0 0.087 154 1024 3.0  2.0 189 
875 0 0.175 154 1144 2.0  1.8 206 
890 0 0.267 157 1047 3.0  1.8 209 
900 0 0.360 100 1350 0.4  2.5 170 
903 0 0.452 159 1062 2.0  1.8 204 

Figure 4. Flowchart of the experiments.
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4. Modeling Based on Machine Learning
4.1. Set Up the Database
4.1.1. Data Sources

At first, a UHPC database was developed. The dataset of this study includes eight in-
put parameters: cement content, fly ash content, GO content, silica fume content, fine
aggregate content, steel fiber volume content, superplasticizer content, and water content
in 1 m3 UHPC. The two output parameters were the 28 d compressive strength and slump
flow of UHPC. The 422 sets of experimental data for UHPC in this study come from existing
literature [8,12,14,33,38–54], while 31 sets are from their own experimental data, with a total
of 453 sets of data gathered. According to previous research [55], 453 sets of UHPC samples
with different mix ratios are sufficient to develop ML models to predict their properties. We
split the dataset into two groups, using thirty percent for testing and seventy percent for
training. The ANN model was trained on the data from the training group and tested on
the data from the testing group. The experimental data in the study served as the testing
set to evaluate the ML model’s ability to predict outcomes when combined with additional
experimental results from the literature.

4.1.2. Data Normalization Processing

The original data must be normalized before training the ANN model, as variations in
the input parameters might impact how well the model is trained. Described in another
way, normalize the data within the interval [−1,1]. In addition to hastening the ANN
model’s convergence, data normalization processing can increase the model’s prediction
accuracy. The dataset in this study was normalized using the min–max normalization
approach. In essence, min–max normalization applies linear modifications to a dataset by

X* = (X − Xmin)/(Xmax − Xmin) (3)

where X∗ is the normalized data, Xmin denotes the minimum value in the original dataset,
and Xmax means the maximum value in the original dataset.

4.2. The Prediction Model
4.2.1. Determination of ANN Model Structure

The relationship between the costs and raw materials was initially established using
ANN. Next, the GA was utilized to improve the properties and cut expenses based on the
pre-trained ANN model. ANN was used in this work to develop a UHPC performance
prediction model. Cement, fly ash, GO, silica fume, fine aggregate, steel fiber, superplas-
ticizer, and water made up the eight neurons in the input layer, designated X1 through
X8 in that order. The neurons in the output layer are Y1 and Y2, which represent the
UHPC’s 28 d compressive strength and slump flow. Using a trial-and-error approach, the
hyperparameter of the number of hidden layer neurons was determined.

The quantity of the ANN’s hidden layer neurons influences the model’s prediction
accuracy. The prediction accuracy of the model was assessed in this study using the
indicator R and MSE, and network training was completed on hidden layer nodes that
ranged from five to twenty. Ten parts were randomly selected from the training set using a
10-fold CV, with one part serving as the verification set and the other nine as the training
set. Each time, the procedure was carried out using distinct samples for the validation
group. After applying 10-fold CV, the prediction was evaluated by averaging the error.
Then, for comparison, the mean values of the MSE and R were investigated.

When the number of hidden layer neurons equals 16, the correlation coefficient R
reaches its maximum. This value is closer to 1 than it is in other networks. When there
are 16 hidden layer neurons, MSE also achieves its smallest value. As a result, the greatest
correlation and least amount of error between the predicted and experimental values were
found in the ANN model with 16 hidden layer neurons. To create the prediction model, an
ANN network with 16 hidden layer neurons was used, as shown in Figure 5.



Inorganics 2024, 12, 181 9 of 20

Inorganics 2024, 12, x FOR PEER REVIEW 10 of 21 
 

 

found in the ANN model with 16 hidden layer neurons. To create the prediction model, 
an ANN network with 16 hidden layer neurons was used, as shown in Figure 5. 

 
Figure 5. Structure of ANN prediction model for UHPC’s compressive strength and slump flow. 

4.2.2. Training of ANN Model 
To create a prediction model for UHPC’s 28-day compressive strength and workabil-

ity, the data are trained several times after the structure of the ANN model is determined. 
The network with the best prediction effect is then chosen. Figure 6 displays the regression 
diagram of the ANN model. With the testing set, the MSE value of the compressive 
strength prediction model is 1.662, and the MSE value of the fluidity prediction model is 
2.327. Simultaneously, the fluidity prediction model has an R-value of 0.93, and the com-
pressive strength prediction model has an R-value of 0.94, and both are extremely near to 
1. There is a significant correlation between the model’s predicted and experimental val-
ues, as evidenced by the R-values and MSE value of the ANN prediction model for com-
pressive strength and workability, which illustrates the model’s generalization capacity. 

  
(a) (b) 

Figure 6. Regression diagram of the ANN model: (a) compressive strength (b) slump flow. 

4.2.3. Comparison of ML Algorithms 
To further examine the prediction ability of the ANN, XgBoost, extremely random-

ized tree, ridge, random forest, decision tree, gamma, AdaBoost, and gradient boosting 
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4.2.2. Training of ANN Model

To create a prediction model for UHPC’s 28-day compressive strength and workability,
the data are trained several times after the structure of the ANN model is determined. The
network with the best prediction effect is then chosen. Figure 6 displays the regression
diagram of the ANN model. With the testing set, the MSE value of the compressive
strength prediction model is 1.662, and the MSE value of the fluidity prediction model
is 2.327. Simultaneously, the fluidity prediction model has an R-value of 0.93, and the
compressive strength prediction model has an R-value of 0.94, and both are extremely near
to 1. There is a significant correlation between the model’s predicted and experimental
values, as evidenced by the R-values and MSE value of the ANN prediction model for
compressive strength and workability, which illustrates the model’s generalization capacity.
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4.2.3. Comparison of ML Algorithms

To further examine the prediction ability of the ANN, XgBoost, extremely randomized
tree, ridge, random forest, decision tree, gamma, AdaBoost, and gradient boosting are
selected and implemented for comparison. The algorithm’s R and MSE serve as the
selection criteria. Table 4 shows the results of nine different ML techniques that are used to
forecast the 28 d compressive strength and slump flow based on the dataset. The R-value
of extremely randomized tree, ridge, random forest, decision tree, gamma, AdaBoost, and
gradient boosting is less than 0.9, which presents a low prediction ability. Thus, out of the
nine techniques, the ANN performs the best.
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Table 4. The performance on datasets by 9 ML methods.

ML Method Class Dataset MSE R

XgBoost

Strength Training 1.034 0.93
Testing 3.213 0.89

Slump flow Training 1.3 0.92
Testing 3.7 0.87

Extremely
randomized tree

Strength Training 0.31 0.92
Testing 4.1 0.83

Slump flow Training 0.2 0.9
Testing 2.1 0.878

Ridge

Strength Training 5.104 0.904
Testing 5.5 0.83

Slump flow Training 3.8 0.9
Testing 5.2 0.88

Random Forest

Strength Training 0.44 0.95
Testing 2.77 0.91

Slump flow Training 2.2 0.91
Testing 8.3 0.82

Decision Tree

Strength Training 0.01 0.94
Testing 5.4 0.91

Slump flow Training 1.9 0.89
Testing 3.4 0.878

Gamma

Strength Training 11.1 0.817
Testing 11.9 0.79

Slump flow Training 9.1 0.83
Testing 12.5 0.781

AdaBoost

Strength Training 4.2 0.91
Testing 5.5 0.84

Slump flow Training 3.1 0.9
Testing 4.5 0.89

Gradient
Boosting

Strength Training 1.5 0.93
Testing 5.5 0.88

Slump flow Training 3.2 0.89
Testing 8.2 0.85

ANN

Strength Training 0.412 0.95
Testing 1.662 0.94

Slump flow Training 0.342 0.94
Testing 2.327 0.93

4.2.4. Experimental Verification of ANN Model

For the validation experiment, 30 distinct mix proportions were designed. In accor-
dance with the test procedure in Section 3, their slump flow and 28 d compressive strength
are noted as test results. To acquire the prediction values, enter the mix ratio into the
developed ANN prediction model. By comparing the errors between the experimental
results and predicted values with the UHPC’s compressive strength and slump flow, we can
confirm the forecasting ability of the ANN model. The comparison outcomes are displayed
in Figures 7 and 8.
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The ANN-predicted values of 28 d compressive strength and slump flow correspond-
ing to 30 groups of UHPC are within 10% of the experimental values. The accuracy of
the ANN model’s predictions is great. The findings show that the compressive strength
and slump flow of UHPC can be reliably predicted by the ANN model. The prediction
model’s accuracy will increase as more data pertaining to UHPC are gathered. This further
demonstrates that UHPC can be designed using ML models instead of requiring multiple
UHPC trial mixes. The ANN model serves as the foundation for the GA optimization of
the UHPC mix ratios.

4.3. GA Optimization Process
4.3.1. Optimization Objective Function

The eight parameters of cement content, fly ash content, GO content, silica fume
content, fine aggregate content, water content, as well as the volume dosage of steel fibers,
and the mass ratio of superplasticizer to cementitious materials in 1 m3 UHPC were used
as decision variables.

In optimization problems, the objective function is represented as a function of the
decision variable, and the aim is to quantify the predicted outcome of the issue being
optimized. The transportation between the equipment used in UHPC production and the
raw materials is ignored here [56].
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The goal of the UHPC mix ratio optimization is to minimize costs while still achieving
the necessary levels of strength and workability. In essence, the previously developed
prediction model for 28-day compressive strength and workability is a nonlinear functional
connection between the UHPC’s mix fraction and performance. Since the cost of UHPC is
the study’s optimization goal, we must also define the cost function as the optimization’s
objective function, as exhibited in Equation (4).

MCOST = CC·WC + CFl·WFl + CGO·WGO + CSi·WSi + CFA·WFA + CSF·WSF + CSP·WSP + CW·WW (4)

Among them, CC, CFl, CGO, CSi, CFA, CSF, CSP, and CW represent the unit mass cost
of cement, fly ash, GO, silica fume, fine aggregate, steel fiber, superplasticizer, and water,
respectively. WC, WFl, WGO, WSi, WFA, WSF, WSP, and WW mean the mass of cement, fly ash,
GO, silica fume, fine aggregate, steel fiber, superplasticizer, and water in 1 m3 of UHPC,
respectively. MCOST is the total cost of raw materials in 1 m3 of UHPC.

The price information of UHPC’s raw materials is exhibited in Table 5, and the price
information comes from existing research [57–60]. Due to the input parameters of steel fiber
in this study being the volume dosage, and superplasticizer being the ratio of its quality
to the quality of cementitious materials, these two parameters are converted. According
to the data in Table 5, the main reason for the high cost of UHPC is the high price of steel
fibers, GO, and superplasticizers.

Table 5. Price of raw materials in UHPC.

Raw Material Cost ($/ton) References

Cement 82 [59]
Fly ash 40 [59]

GO 67,000 [60]
Silica fume 800 [59]

Fine aggregate 23.57 [58]
Steel fiber 5000 [59]

Superplasticizer 3400 [59]
Water – [57]

4.3.2. Constraint Condition

Constraints are mathematical functions of decision variables. In the GA method, the
individual is infeasible and must be removed from the population when the constraints are
not fulfilled. Thus, the constraints can act as independent functions of decision variables
to place extra restrictions on the optimal solution, or they can act as constraints on both
decision variables and objective functions. For example, the constraint on cement content is
the limitation on decision variables in the field of optimization of the mix ratios. Meanwhile,
the limitation on objective functions is the constraint on the slump flow and compressive
strength. Compressive strength, workability, component content, component proportion,
and absolute volume are the five constraint requirements that this study designs. The
specific constraints are as follows.

1. Strength constraint. The 28-day compressive strength of UHPC should have a pre-
dicted value from the ANN that is higher than the required strength. Equation (5)
illustrates the strength restriction.

f c ≥ f c,r (5)

Here, f c is the predicted result of the 28-day compressive strength of UHPC, and f c,r is
the required compressive strength in accordance with the real-world engineering require-
ments. Based on the fundamental mechanical characteristics of UHPC, f c,r is assumed in
this study to be 120 MPa [61].

2. Slump flow constraint. The workability of fresh UHPC should be greater than the
required workability. The workability constraint is displayed in Equation (6).
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S ≥ Sr (6)

Among them, S is the predicted slump flow of fresh UHPC, and Sr is the required
slump flow of fresh UHPC, which has to be chosen in accordance with the real engineering
requirements. In this investigation, Sr is assumed to be 600 mm due to the fundamental
working property of UHPC [62].

3. Component content constraint. This research employs the data range in the dataset
as the component content constraint range, meaning that the optimized UHPC
component content should fall within a suitable range. Table 6 displays the key
statistical characteristics of the dataset, while Equation (7) shows the component
content constraints.

Wl ≤ Wcom ≤ Wu (7)

Among them, Wcom denotes the component content of each raw material, including
cement, fly ash, GO, silica fume, fine aggregate, steel fiber, superplasticizer, and water. Wl
and Wu are the lower and upper bounds for the component content.

Table 6. Statistical parameters of the component content in the dataset.

Minimum Value Maximum Value Range

Cement (kg/m3) 354 1000 646
Fly ash (kg/m3) 0 328 328

GO (kg/m3) 0 0.86 0.86
Silica fume (kg/m3) 0 305 305

Fine aggregate (kg/m3) 650 1718 1068
Steel fiber (vol.-%) 1.00 4.00 3.00

Superplasticizer (wt.%) 0.40 2.00 1.60
Water (kg/m3) 142 241 99

4. Component proportion constraint. There are several related components in UHPC;
hence, there should be limits on the ratios between these components. The ratios
of cement to sand, water to cement, and water to binder have all been constrained
in this investigation. As a component percentage limitation, we continue to use the
dataset’s proportion range. In Equations (8)–(10), the composition ratio constraints
are illustrated. Table 7 lists the statistical parameters for the dataset’s cement/sand,
water/cement, and water/binder ratios.

Rl
wc ≤ Rwc ≤ Ru

wc (8)

Rl
wb ≤ Rwb ≤ Ru

wb (9)

Rl
bfa ≤ Rbfa ≤ Ru

bfa (10)

where Rwc, Rwb, and Rbfa are the water/cement ratio, water/binder ratio, and cement/sand
ratio, respectively. Rl and Ru are the lower and upper bounds of the composition proportion.

Table 7. Statistical parameters of the component proportion in the dataset.

Minimum Value Maximum Value Average Value

Rwc 0.140 0.477 0.239
Rwb 0.120 0.300 0.171
Rbfa 0.68 1.43 1.03
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5. Absolute volume constraint. The volume of UHPC should be equal to the sum of
the volumes of all components. The absolute volume constraint is illustrated in
Equation (11).

WC

ρC
+

WFl
ρFl

+
WSi

ρFl
+

WFA

ρFA
+

WSF

ρSF
+

WSP

ρSP
+

WW

ρW
= 1 (11)

where ρC, ρFl, ρSi, ρFA, ρSF, ρSP, and ρW are the densities of cement, fly ash, silica fume, fine
aggregate, steel fiber, superplasticizer, and water, respectively. Table 1 lists the densities of the
cementitious materials. Meanwhile, the densities of fine aggregate, steel fiber, superplasticizer,
and water are 2630 kg/m3, 7800 kg/m3, 1190 kg/m3, and 1000 kg/m3, respectively.

4.3.3. Cost Optimization of UHPC

The GA can be used to optimize the UHPC mix ratio once the optimization objective
function and constraint conditions have been established. The UHPC mix ratio serves as
the basis for both the optimization objective function and the five constraint conditions.
Through the GA, it consistently lowers the cost of UHPC while maintaining a performance
that can satisfy real-world engineering requirements.

By modifying the hyperparameters, this study sets the population size (NP = 453),
maximum iteration count (maxgen = 200), crossover probability (Pc = 0.9), and mutation
probability (Pm = 0.1) in the GA [12]. The iteration curve of the GA is depicted in Figure 9.
During the iteration process, the UHPC cost function continuously decreases through
initialization, fitness calculation, selection operation, crossover operation, and mutation
operation, ultimately obtaining the optimal mix ratio of UHPC. Figure 9 shows that the
value of the optimization objective function, or more specifically, the UHPC cost function,
keeps decreasing as the population keeps iterating. The cost function value is found to
essentially stay constant until the number of iterations approaches 160, suggesting that
the GA has attained the convergence threshold and that a maximum of 200 iterations is
appropriate for this investigation.
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4.4. Optimization Results and Experimental Verification

UHPC costs are becoming cheaper in the iterative GA process. Ultimately, one set
of UHPC mix proportions that satisfy the specified constraint constraints and have the
lowest cost are identified. Table 8 presents the optimal mix ratio. The predicted slump
flow is 603 mm, the predicted 28 d compressive strength is 120 MPa, and the genetic
algorithm-optimized cost is 776 $/m3. In North America, the cost of a 1 m3 of UHPC for
engineering purposes is currently between 1000 and 2620 $/m3 [59]. The cost associated
with the genetic algorithm-optimized UHPC mix proportion has dropped dramatically.
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Table 8. Mix ratio for UHPC with the lowest cost.

Cement (kg) Fly Ash (kg) GO (kg) Silica
Fume (kg)

Fine Aggregate
(kg)

Steel Fiber
(vol.%)

Superplasticizer
(wt%) Water (kg)

675.1 185.7 0.300 137.3 950.6 1.36 1.36 190.4

UHPC specimens are formed in the laboratory according to the optimized, low-cost
mix ratio and subjected to work performance and mechanical tests. After the experiment,
the 28 d compressive strength is 121.5 MPa, with a slump flow of 620 mm. The discrepancy
between the experimental compressive strength and the predicted value is 1.2%, while the
error between the experimental slump flow and the predicted result is 2.8%. Further, the
constraints are satisfied.

By improving the microstructures of UHPC and boosting compressive, tensile, and
flexural strengths, GO can raise the overall performance of UHPC. By using GO, it can be
found from Table 8 that expensive components such as steel fibers, water-reducing agents,
and silica fume are decreased since GO can increase the mechanical properties of UHPC.
On the other hand, GO is used in UPHC at extremely low contents. This is so the costs are
lowered due to the usage of GO.

5. Sensitivity Analysis

To encourage the engineering use of UHPC, it is crucial to do factor sensitivity analysis.
Sensitivity analysis on input parameters is conducted by calculating the MIV and evaluating
the impact of each input parameter in the UHPC mix ratio on the 28 d compressive strength
and slump flow of UHPC. The calculation of the MIV value is based on the developed
ANN model. The input parameters of cement, fly ash, GO, silica fume, fine aggregate, steel
fiber, superplasticizer, and water are defined as X1–X8, with a 20% threshold as the lower
limit for selecting important variables [63]. The calculation results of the MIV values are
shown in Figures 10 and 11. The symbol represents the positive and negative correlations
in which the input parameter is related to the output parameter. If the MIV is positive,
the input parameter is positively related to the output parameter. If the MIV is negative,
then the input parameter is negatively related to the output parameter. The absolute value
denotes the relative importance of the influence.
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According to Figure 10, the cement content, fly ash content, GO content, and super-
plasticizer content have a strong correlation with the compressive strength of UHPC and
can be regarded as important variables. From the positive and negative values of each
parameter MIV, it can be seen that the cement content, GO content, and superplasticizer
content are positively correlated with the 28-day compressive strength of UHPC, while the
fly ash content is negatively correlated with the 28-day compressive strength of UHPC.

As the cement dosage increases, the water/cement ratio decreases. When the wa-
ter/cement ratio of UHPC is too high, it will also generate a large number of pores during
the hydration process, reducing the compactness of UHPC. Therefore, the compressive
strength of UHPC decreases with the increase of the water/cement ratio [64], and the
cement content is positively correlated with the compressive strength of UHPC. Fly ash has
pozzolanic activity, with the main components being SiO2 and Al2O3. It can react with free
Ca(OH)2 to form hydrates with cementitious properties. The UHPC that contains fly ash
has a lower 28-day compressive strength due to a low speed of secondary hydration [65].
Therefore, the amount of fly ash added is negatively correlated with the compressive
strength of UHPC. The superplasticizer has a great impact on the packing density of UHPC,
and the optimized amount of superplasticizer can significantly increase the packing density
of UHPC [66]. Therefore, the amount of superplasticizer is positively correlated with the
compressive strength of UHPC. According to our own previous experiments, GO promotes
the cement hydration process, reduces the most probable pore diameter of the matrix,
reduces porosity, and makes the matrix denser [32]. The two-dimensional planar structure
of GO prevents and delays the development of cracks, leading to crack deflection and
changing the path of crack development. After the cracks encounter GO, some cracks are
blocked and no longer expand. Some cracks develop along the GO towards both ends,
significantly increasing the path of crack development, maximizing the dispersion of stress
energy, and improving the bearing capacity. The mechanism of GO enhancing UHPC is
to effectively prevent and delay the propagation of microcracks through the filling effect,
deflection effect, bridging effect, and pull-out effect [67]. In addition, the nanoscale matrix-
reinforcement effect provided by GO will further have a positive impact on the pull-out
performance of steel fibers. GO and steel fibers exhibit good synergistic crack control
effects [46]. The addition of GO can significantly increase the energy dissipated through
friction at the fiber–matrix interface. Hence, the amount of GO is positively correlated with
the compressive strength of UHPC.

From Figure 11, the cement content, fly ash content, GO content, fine aggregate content,
and superplasticizer content have a strong correlation with the fluidity of UHPC and can be
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regarded as important variables. From the positive and negative values of each parameter
MIV, it can be seen that the cement content, fly ash content, GO content, and superplasticizer
content are positively correlated with UHPC’s fluidity, while the fine aggregate content is
negatively correlated with UHPC’s fluidity.

When the water consumption is constant, the greater sand/cement ratio leads to
the larger particles and internal pores in UHPC increase, leading to an increase in water
in the pores and a decrease in particle surface water. It results in a decrease in UHPC
fluidity. Therefore, the cement content is positively correlated with UHPC workability,
while the fine aggregate dosage is negatively correlated with UHPC’s fluidity. Fly ash has a
spherical structure and smooth surface. In the early stage of UHPC hydration, it can play a
flocculent role, reducing water consumption and improving the fluidity of fresh UHPC.
Polycarboxylic acid water-reducing agents have carboxyl side chains and polyoxyethylene
side chains, which can, respectively, improve the dispersion and plastic retention properties
of UHPC and correspondingly increase its flowability. With an increased GO content,
the fluidity of UHPC shows a decreasing trend. This is because GO has a larger specific
surface area, which allows its surface to absorb more free water and water-reducing agents,
resulting in a decrease in the fluidity of UHPC [68].

Although the cost of industrial-grade graphene oxide is still high, its usage in UHPC is
small, and it can significantly improve the compressive strength of UHPC. When its content
is lower than 0.05%, GO has a small influence on the flowability of UHPC [68]. Hence, GO
has great potential for use in UHPC.

6. Conclusions

This study developed a nonlinear functional relationship between the properties of
UHPC and its mix ratio in order to optimize the mix ratio of UHPC using ML techniques.
Based on this, the cost of UHPC is optimized, and the optimal mix ratio is obtained using
the GA. The work significantly contributes to the application of GO-modified UHPC
in engineering.

First, a dataset with the 28 d compressive strengths and slump flows for eight raw
materials for UHPC was developed. Next, employing ANN, a prediction model for UHPC
compressive strength and workability was developed. Further, the performance of nine
distinct ML methods was compared. The ANN model has a maximum prediction accuracy
when the number of hidden layer neurons is 16, according to the evaluation indicators
such as R and MSE. Based on the ANN model, the GA was used to optimize the UHPC
cost functions. Significantly less than the average cost of UHPC, at 776 $/m3, is the cost
corresponding to the optimal low-cost UHPC mix ratio. Finally, the MIV was used to
evaluate the importance of the input parameters of UHPC on its compressive strength
and fluidity. The four input parameters of cement content, fly ash content, GO content,
and superplasticizer content have a significant impact on the compressive strength and
fluidity of UHPC. Based on the experimental and theoretical research, the main cost of
GO-modified UHPC comes from steel fibers and silica fume, and GO has the potential to
be used in UHPC to reduce its cost and improve its properties.
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