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Abstract: Ultra High-Performance Concrete (UHPC) has shown extraordinary performance in terms
of strength and durability. However, having a cost-effective and sustainable UHPC mix design is
a challenge in the construction sector. This study aims on building a predictable model that can
help in determining the compressive strength of UHPC. The research focuses on applying multiple
machine learning (ML) models and evaluating their performance in predicting the strength prediction
of UHPC. Two reliable metrics are used to evaluate the performance of the model which are the
coefficient of determination (R?) and mean squared error (MSE). The parameters that are affecting the
compressive strength of UHPC are fly ash percentage levels (FA%), superplasticizer content, water
to binder ratio (w/b), and curing period. A total of 54 ML models were used, consisting of Linear
Regression, Support Vector Machines (SVM), Neural Networks, and Random forests algorithms.
Among these models, Random Forest proved to be the most effective in capturing the relationships
in UHPC’s behaviour with an R squared score of 0.8857. The Random Forest ML model is also used
in this paper to conduct a parametric study that will help in obtaining the compressive strength of
UHPC with higher content of FA%, which is not sufficiently studied in the literature.

Keywords: ultra high-performance concrete; fly ash; sustainability; ML; mix design

1. Introduction

Ultra high-performance concrete, or UHPC, is a new type of concrete developed on
four principles: (i) improvement of microstructure; (ii) decrease in porosity; (iii) toughness
enhancement; and (iv) homogeneity increase [1]. As established by studies by Habel et al.
and Park et al. [2,3], UHPC has an extraordinarily high strength (more than 150 MPa),
improved durability, and toughness. In order to create lightweight, strong, flexible, and
visually appealing structures, UHPC may be used as a prefabricated structural component
in bridges and other industrial goods [4,5]. UHPC'’s superior properties are achieved
through a low water-to-cement ratio, higher cement content, fine powders (silica fume,
quartz), high-range water-reducing admixtures, and well-graded aggregates, resulting
in low porosity, good consolidation and flow, and increased particle packing density [6].
The mechanical properties of UHPC with various mix designs and additives have been
the focus of numerous recent investigations. Researchers have shown interest in using
eco-friendly supplementary cementitious materials (SCMs) such as ground granulated
blast slag furnaces (GGBFS) and fly ash (FA) in concrete [7-12]. This is due to the fact
that cement is a major contributor to CO, emissions, accounting for about 8% of global
CO; emissions [13]. Using SCMs like GGBFS and FA can significantly reduce the cement
content in concrete mixtures, thereby lowering the carbon footprint associated with cement
production. FA is produced during coal combustion in power plants. Utilizing such
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materials in concrete diverts them from the waste stream, reducing landfill use and the
environmental impact of waste disposal [14,15].

The integration of fly ash into UHPC has been extensively studied. Previous research
studies underscored its potential to enhance concrete’s mechanical properties and con-
tribute to sustainability in the construction industry [16-18]. Studies have demonstrated
that substituting 10% to 40% of cement with fly ash in UHPC formulations can signifi-
cantly boost the material’s strength and durability. For instance, experiments conducted
by Ferdosian et al. [19] and Chen et al. [20] identified optimal fly ash incorporation levels
at 16% to 20%, achieving peak compressive and flexural strengths. The benefits of fly ash
are attributed to its ability to refine the concrete’s microstructure over time due to its slow
reacting pozzolanic nature, which also demands less water compared to other pozzolans.
This pozzolanic reaction enhances the formation of calcium silicate hydrate (C-5-H) gel,
further compacting the concrete structure and increasing strength. Nath and Sarker [21] and
Alsalman et al. [22] explored higher percentages of fly ash, ranging from 30% to 40%. These
studies marked the varying impacts on early and late-stage strength development. The
enhanced properties of UHPC mixed with fly ash, such as reduced temperature rise and
secondary C-S-H gel formation, contribute to the longevity and reduced maintenance needs
of concrete structures. However, the literature still lacks comprehensive studies exploring
the effects of very high levels of fly ash replacement (above 40%), which could reveal
additional benefits or challenges. Addressing this gap could further optimize the use of fly
ash in concrete and expand its applications in environmentally conscious construction.

Though most of the reported studies on the mechanical properties of UHPC were ex-
perimental, it is imperative to predict this innovative material’s properties using numerical
and artificial intelligence approaches to assist in reaching an optimum mix design that
fits the needs of a particular project. Recent studies attempted to use machine learning to
predict the compressive strength of UHPC [23-28]. Khan et al. [29] compared the capability
of several machine learning models on predicting the compressive strength of UHPC with
14 input parameters. Their analysis has shown that the decision tree-based optimal model
was the optimal model for the prediction of UHPC’s compressive strength. Yuan et al. [30]
used previously published data in the literature to train machine learning models. It was
shown that the random forests model outperforms other models. It was also shown that
the amount of steel fibers, water reducer, and silica fume are the most influential factors
affecting the compressive strength of UHPC. The Gradient Boosting (GB) machine learning
approach was utilised by Marani et al. [31] to forecast the compressive strength of UHPC.
The investigation was carried out on 28 days of concrete strength prediction. With an R? of
0.96, the study predicted the compressive strength of UHPC. Lu et al. [32] investigated the
influence of lithium-slag on the characteristics of cementitious mortar using the Support
Vector Machine (SVM) modelling approach. The model showed an 11% increase in the
SVM'’s forecasting accuracy when compared to other ML models [32]. The effective predic-
tion of SVM modelling in the case of shear capacity for UHPC beams was also reported
by Solhmirzaei et al. [33]. Multi-Layer Perceptron (MLP) with four layers was utilised by
Garcia [34] to estimate the compressive strength of UHPC. The results indicated that MLP
could predict strength with sufficient accuracy. The research on MLP modelling forecasts
also revealed findings of an identical nature [35,36]. Despite that there have been studies in
the literature that addressed the prediction of the compressive strength of UHPC, the use
of these models to predict UHPC with fly ash has not been investigated.

In light of the above, this study utilizes deep machine learning techniques to identify
critical parameters, including fly ash replacement percentages, water-binder ratio, curing
period, and effects of superplasticizer content on the compressive strength of UHPC.
A thorough dataset of experimental findings, including several parameters, is gathered
from compressive strength tests that have been published in the literature on UHPC with
various fly ash replacement percentages. Several models were used to predict the UHPC’s
compressive strength, and a comparison of their performance was carried out. The most
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accurate model was used to conduct a parametric study to include different FA replacement
percentages with longer curing periods that are not yet addressed in the previous studies.

2. Methodology

The flowchart in Figure 1 outlines the structured approach for predicting the com-
pressive strength of UHPC. The process begins with the input parameters, which are the
replacement percentage of fly ash (FA%), superplasticizer content, w/b ratio, and curing
period. These variables are used to predict the output variable, compressive strength. The
data is then divided, with 80% allocated for training the ML model—Linear Regression,
Linear SVM, Polynomial SVM, RBF Kernel SVM, and Neural Networks—and the remaining
20% are set aside for testing. Following the training phase, the models are subjected to
validation processes to determine the optimal model, using metrics such as the R? value
depicted in the embedded graph within the flowchart. This comprehensive method ensures
the selection of a model that is best suited to accurately predict the UHPC’s compressive
strength based on the given inputs.

1.FA %
2. Superplastcizer

3. w/b

4. Curing Periods(Days)

Training / v :
Testing
0,
\ Dataset (80%) Dataset (20%)

v

Linear Regression
Linear SVM
Polynomial SVM
RBF Kernel SVM
Neural Networks
Random Forest

L 2

Figure 1. Methodology.

2.1. Data Collection

Extensive literature review yielded 100 and 113 data points on the compressive
strength of UHPC with different FA replacement percentages and superplasticizer con-
tent [19,20,22,37-43]. Using this dataset, correlations between the compressive strength
of UHPC and the water to binder (w/b) ratio, FA%, superplasticizer dosage, and curing
period were found. Two sections of the data analysis were separated out: (1) UHPC without
superplasticizer and (2) UHPC with superplasticizer. These sections were thoroughly ex-
plored. Table Al in the Appendix A, is a summary of the data collected from the presented
studies, focusing on the impact of water to binder (w/b) ratio and fly ash (FA) replacement



Infrastructures 2024, 9, 92

4 0f 20

levels on the strength of UHPC without using superplasticizers. Chen et al. [20] analysed
scenarios with 0% of FA and different w/b ratios, demonstrating a decrease in strength
as the w/b ratio increased. The subsequent results showed a decline in strength with
higher w /b ratios—from 88 MPa at a w/b ratio of 0.1 to 70 MPa at a w/b ratio of 0.3. The
results of Wang et al. [39] indicated an increase in the strength when adding 8% FA and
reducing the w/b ratio to 0.25. Wu et al. [40] expanded on this by presenting strength
outcomes for UHPC, with FA content suggesting that even at higher FA percentages there
was either maintained or slightly improved strength observed. Hasnat & Ghafoori [38] and
Hakeem et al. [37] further supported this trend showing that lower w /b ratios generally re-
sulted in strengths increase regardless of varying FA%. In their research, Ferdosian et al. [19]
focused on the variations in strength at a consistent water to binder ratio while increasing
the content of fine aggregate. This data collectively supports the analysis of how different
composition variables in mixes relate to the properties of UHPC. It forms a foundation for
developing predictive models even in situations where superplasticizers are not used. The
information gathered from these sources is crucial for the methodology of data collection
enabling an analysis of various mix design strategies and their impact on the compressive
strength of UHPC.

2.2. Data Visualization

The data visualization part of the analysis used representations to help understand
the relationships within the dataset and the characteristics of UHPC. Figure 2 shows the
distribution of the input variables (FA%, superplasticizer, w/b ratio, and curing period)
with plots that give a view of the dataset. This helps in analysing how the different variables
interact with each other. The histograms on the diagonal suggest that some variables have
normal distributions, which might indicate the need to normalize the data for better model
performance. Figure 2a shows the distribution of FA% in the UHPC samples. The histogram
indicates a bias in FA% values, with prominent peaks at 0% and approximately 40%. This
suggests that there are mix design preferences or performance outcomes associated with
these compositions. Similarly, bias can be detected in Figure 2b, where the superplasticizer
distribution is peaking at the values of 0 and 30.2. The same trends can also be shown on
the w/b distribution graphs and curing period distribution. In Figure 2c, the w /b ratio is
peaking at 0.2 and 0.3. It is important to consider these distributions when building the
predictive model and implement strategies to address any potential data imbalance. Those
imbalances and unequal distribution of the data across the variables was taken into account
when testing the best model. For example, this means that the models are well trained in
predicting the strength at 28 days due to the concentration of the data being there but will
not be able to accurately predict it at 90 days.

The relationships between variables are presented in the correlation matrix in Figure 3.
A negative correlation is noted between the w/b and compressive strength. On the other
hand, there is a positive correlation between the curing period and strength. A similar corre-
lation is observed between FA percentage and superplasticizer content, but the relationship
represented to the compressive strength in the correlation matrix is not significant. This
means that a linear relationship between the FA percentage, superplasticizer content, and
compressive strength cannot be guaranteed. These correlations assisted in understanding
which variables have influence on the strength of UHPC, which resulted in comprehending
the results of the best model prediction.
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Figure 2. Distribution of the collected data: (a) Fly ash percentage (FA%); (b) Superplasticizer content;
(c) Water to binder ratio (w/b); (d) Curing period.
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2.3. Data Normalization

This research utilized data normalization methods to get the dataset ready for using
machine learning models. Making sure that all features are treated fairly and on a scale is
crucial in the normalization process. This is especially important for models that are sensi-
tive to the magnitude of the features. An overview of the techniques used for normalization
is provided in this section.

2.3.1. Unnormalized Techniques

The examination began with the dataset in its unnormalized format. This method
allows for the establishment of a starting point for evaluating the model’s performance
using the data, which accurately represents the range of values. It also serves as a reference
scenario, for comparing the effectiveness of normalization techniques. In this state, the data
maintains its scale without any alterations made to the variable range.

2.3.2. Min-Max Normalization

Min-max normalization is a technique that rescales the feature to a fixed range of [0, 1].
It is calculated by subtracting the minimum value of the feature and then dividing by the
range of the feature. Mathematically, for a value of x, the min-max normalized £ is given
by Equation (1). This technique transformed all numeric inputs to a common scale without
distorting differences in the ranges of values or losing information.

x — min(x)
max(x) — min(x)

_‘)’(\':

)

2.3.3. Z-Score Normalization

Also known as standardization, it involves rescaling the data to have a mean of 0 and
a standard deviation of 1. The standardized value of x (z) for a given data point (x) is
computed by subtracting the mean of the data (1) from each data point and dividing the
result by the standard deviation of the data (¢) as illustrated in Equation (2). This method
of normalization is particularly useful when the data has a Gaussian (normal) distribution
and when the algorithm assumes normally distributed data, such as Linear Regression and
Support Vector Machines.

z=2"F 2)

2.4. Machine Learning Technigues
2.4.1. Linear Regression

Linear regression is a technique in the field of machine learning that provides a
straightforward approach to model the relationship between a dependent variable and
one or more independent variables. It assumes a connection between the input variables
(features) and the single output variable. The main principle behind regression is to
adjust the weights of the input variables in order to minimize the discrepancy between
predicted and actual output values, often using a least squares method. This optimization
process serves as a step for other machine learning algorithms, making linear regression
an essential starting point to comprehend more intricate models in this field [44]. The
simplicity, interpretability, and ease of implementation associated with linear regression
render it an invaluable tool within the realm of machine learning techniques [45]. Taking
the theoretical background of linear regression into consideration and how it assumes a
connection between the input variables and output, it should not be assumed that this
model will not provide the best accuracy because some variables have a negative correlation.
A positive correlation means that both of the variables will increase together whereas a
negative correlation means one will increase while the other decreases. The key factor is
whether the model captures the underlying relationship between the variables and target
regardless of whether the relationship is positive or negative.
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2.4.2. Support Vector Machine (SVM)

The Support Vector Machine (SVM) variant represents a significant advancement
in the realm of machine learning algorithms. Linear SVM is known for its ability to
classify data points by finding the separating hyperplane. It performs well in scenarios
with dimensional data and often outperforms other algorithms in terms of accuracy and
efficiency [45]. This algorithm achieves this by maximizing the margin between data points
of classes which enhances its generalization abilities. Linear SVM is particularly effective in
classification problems due to its capability to handle feature spaces and robustness against
overfitting [46]. Additionally, by incorporating kernel tricks, SVMs can effectively handle
real world applications where nonlinearly separable data is present [47]. The simplicity,
efficiency, and versatility of linear SVM make it an essential tool for machine learning
practitioners and researchers.

Polynomial SVM stands out among the machine learning algorithms due to its ap-
proach in handling complex relationships between data points that are not linear in nature.
In contrast to its counterpart, the polynomial SVM makes use of kernel functions (polyno-
mial kernels). These kernels help in projecting data into a space making it easier to separate
data points that cannot be separated linearly in the original space [47]. The ability of the
SVM to operate in transformed feature spaces allows it to handle a range of classification
problems with more flexibility. The degree of the kernel plays a role as a hyperparameter.
It determines the complexity of the decision boundary, which enables tuning for optimal
performance on specific datasets [48]. One remarkable strength of the SVM is its capability
to model patterns without significantly increasing computational burden. This is particu-
larly useful when traditional linear models are not sufficient [49]. This balance between
efficiency and modeling power makes the polynomial SVM an impressive tool for scenarios
where complex data relationships are prevalent.

The Radial Basis Function (RBF) kernel used in Support Vector Machine (SVM) learn-
ing represents an advancement in handling linear problems, within machine learning. The
RBF kernel possesses a Gaussian characteristic, which transforms the feature space into a
dimension. This transformation enables the data that is not separable in a linear manner to
be separated effectively. Researchers have found this technique to be highly effective in
many applications [50]. One of the strengths of the RBF SVM lies in its ability to handle
dimensional datasets using a relatively simple mathematical formulation. This approach
maintains efficiency [51]. The selection of the kernel parameter, gamma, is an aspect of
RBF SVM as it determines the curvature of the decision boundary. The flexibility it offers
allows for tuning to achieve class separation even with intricate datasets [52]. Due to its
proficiency in managing overfitting and robustness in spaces, the RBF SVM is a powerful
tool for precision-oriented pattern recognition and classification tasks.

The SVM models provide advantages that can help in predicting the compressive
strength of UHPC. Applying the right model is not easy but the SVM models have proven
to be good at capturing the trends and behaviour of nonlinear variables. Some of the
advantages, as mentioned above, are effectiveness in high dimensional space, kernel trick,
and robustness to overfitting, which can be handy with variables like fly ash percentage,
superplasticizer, and water-binder ratio. On the other hand, the reason why the SVM
models are not necessarily the best for the dataset can be due to the model interpretability.
SVM models might be more difficult to interpret compared to more transparent models
like decision trees. This can be a drawback when the goal is to understand how differ-
ent variables influence concrete strength. Moreover, there is a difficulty in dealing with
multivariate regression because SVM is designed for classification tasks. While there are
methods to adapt SVM for regression (e.g., SVR), these adaptations might not handle mul-
tivariate outputs as naturally as some other regression models, potentially complicating
the prediction of concrete strength.
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2.4.3. Random Forest

Random Forest is a robust ensemble learning technique used in machine learning. It
builds upon the simplicity and effectiveness of decision trees. Random Forest works by
creating decision trees during training and then determining the average prediction for
regression from these individual trees. Random forests address the tendency of decision
trees to overfit their training data by introducing randomness in two ways: by selecting a
subset of the training data for building each tree (bootstrap sampling) and by considering
only a random subset of features at each split within the trees. This method not only
enhances the model’s accuracy, but it also presents the feature importance, which is crucial
for understanding the underlying data patterns. Originally developed by Leo Breiman
and Adele Cutler, Random Forest is highly regarded for its simplicity, user friendliness,
and adaptability, making it suitable for tasks such as classification and regression without
requiring hyperparameter tuning in many scenarios. Its resistance to overfitting and its
capability to handle datasets with dimensionality have established it as a fundamental
algorithm in the toolset of numerous data scientists and machine learning professionals [53].
When utilizing Random Forest to estimate the strength of UHPC, it proves beneficial due to
its ability to comprehensively assess relationships among elements such as FA%, superplas-
ticizers, and curing period. Moreover, its collaborative approach mitigates overfitting issues
as mentioned before, thereby improving its precision when dealing with data through the
combined power of multiple decision trees.

2.4.4. Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN) are inspired by biological neural networks found
in animal brains. Neural networks consist of interconnected nodes arranged in layers
that neurons structure within our brain. These nodes collectively perform tasks. This
framework allows them to represent nonlinear relationships in data, which proves highly
effective in tasks such as recognizing images and speech as pointed out by [54]. The
flexibility and adaptability of networks emerge from their ability to learn and adjust these
connections through a process called backpropagation as described by [55]. This process
enables the weights to be modified based on the difference between predicted and actual
outcomes, continuously enhancing the accuracy of the model. The emergence of learning
a branch of machine learning that focuses on networks with multiple layers (known as
deep neural networks) has further broadened their capabilities. It allows for extracting
high level features from data as explained by [56]. Neural networks are a great fit for
forecasting the strength of UHPC as they can handle connections among factors such
as FA%, superplasticizer, and curing period. Their deep learning skills allow them to
grasp details from datasets capturing patterns and the nonlinear relationships that enhance
prediction accuracy significantly.

2.5. Model Performance Evaluation

During the evaluation phase of the ML models, two measurement metrics were used
to assess the performance and accuracy. One of them is R squared (R?), also known as
the coefficient of determination, and the other root mean squared error (RMSE). Both R?
and RMSE played crucial roles in the methodology to ensure an accurate evaluation of the
models’ predictive power. The metrics are further explained with the equations below. R?
was used as a metric that informs how well the model replicates the outcomes by measuring
the proportion of total outcome variation explained by the model [57]. It essentially shows
how well the model fits the data. In the R? equation (Equation (5)), the sum of residual
squares (SSyes) and the total sum of squares (SS¢,¢) are evaluated to calculate the R? values.
As mentioned before, a higher R? value, which can be quantified by it being closer to one,
indicates that the ML model explains a large portion of the variance in the target variable,
suggesting a good fit to the data. On the other hand, MSE quantifies the squared difference
between the observed actual outcomes and those predicted by the model. It directly reflects
how much error there is on average, making it an important metric for assessing a model’s
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accuracy. In the RMSE equation (Equation (6)), n is the number of observations in the
dataset. The other two important variables are y; and §; which are the actual value of the
i-th observation and the predicted value for the i-th observation, respectively. A lower MSE
(closer to zero) suggests a good model in terms of its predictive ability.

55res = Z?zl (vi — yAi)z ©)
SStot = Y iy (yi —9)* 4)
SS
R2 — 1 _ res 5
SStot ©)
j —, .
RMSE = \/n2i1(yi —7i)? (6)

3. Results and Discussion

The study focused on predicting the compressive strength of UHPC with different FA
replacement percentages, superplasticizer content, w/b, and curing period. The accuracy
of each model was assessed using R> and RMSE values. The analysis presented in Figure 4
evaluated models to predict the compressive strength of UHPC. The first bar represents
Linear Regression, which showed moderate prediction accuracy across initial states. The
second and third bars illustrate the performance of Linear SVM and Polynomial SVM
models, respectively. The range of R? values displayed by these models indicates varying
levels of prediction accuracy. The fourth bar represents the RBF SVM model that performed
well under one initial condition, suggesting its potential for high performance based on
how the data is divided. The fifth bar corresponds to the ANN model which consistently
demonstrated a high R? values across all states, highlighting its ability to decipher complex
patterns in UHPC’s compressive strength data. The last bar represents the results of
Random Forest, which demonstrated the highest accuracy out of all the machine learning
models used on the dataset. As mentioned previously, the RMSE is a measure of the
differences between values predicted by a model and the values actually observed, with
lower RMSE values indicating better fit. In a similar manner, Random Forest model
outperforms all others with the lowest RMSE, indicating that it has the best predictive
accuracy and the smallest average error in the prediction of UHPC'’s compressive strength.
This method, which involves creating decision trees and combining their predictions,
showed capability in capturing intricate data relationships. Its success can be attributed
to its feature selection process and the use of randomness to prevent overfitting in each
tree data subset. This accomplishment underscores the versatility and effectiveness of the
Random Forest technique across datasets and modelling scenarios, establishing it as a tool
in predictive analytics. The Neural Network also performed relatively well compared to
other ML models, achieving a R? score of 0.8421.

The predicted versus actual values are presented for each ML model in Figure 5. It
can be observed that Figure 5a,b that correspond to Random Forest and ANN, respectively,
demonstrate the best fit (data points are close to the unity line). The data points align
closely along the line of agreement indicating that the predictions of both models are highly
accurate. It is worth noting that the scatter plot shows a pattern in the model’s predictions
for values in the mid to high range, suggesting that it effectively captures the underlying
patterns within this specific part of the dataset.

Linear Regression achieved a satisfactory level of predictive ability with an R? score of
0.5844 suggesting it could capture some variations in UHPC strength. However, there is a
gap between its performance and that of the Random Forest and Neural Network, which
highlights Linear Regression’s limitations in comprehending the complexity of the data.
This discrepancy is likely due to Linear Regression’s nature, which restricts its ability to
accurately represent linear relationships and interactions necessary for predicting UHPC’s
strength as presented by Figure 5c. It is clear from the graph that there is a trend but also
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some variation around the line of perfect prediction, especially as the actual values get
higher. This suggests that while the Linear Regression model captures the trend, it may not
consider all the factors that contribute to variability in the data. As a result, its predictions
become less accurate for levels of strength.

The SVM models demonstrated varying degrees of accuracy, all lower than both
Random Forest and Neural Network. The Linear SVM model, with an R? score of 0.5473
did a satisfactory job in predicting UHPC'’s strength too. It seems that the linear decision
boundaries imposed by the Linear SVM could not capture the relationships within the
dataset properly. This highlights the challenges of using linear models for regression
tasks. Similarly, the Polynomial SVM model had a predictive accuracy with an R? score of
0.3124. Despite introducing nonlinearity through kernels, this model struggled to represent
the complexity of the data. The difficulty in selecting a degree and kernel parameters
might have contributed to its less-than-optimal performance showing how sensitive SVM
models can be to these tuning parameters. Moreover, the RBF SVM model has an R?
score of 0.3836. Even though the RBF kernel can capture linear relationships by mapping
input features into a higher dimensional space, it was not enough to effectively represent
the complexity of our dataset. This emphasizes how important it is to tune RBF SVM
parameters and consider the computational intensity that can impact its performance
if not handled properly. In Figure 5d—f, the results of the three SVM models that were
used to predict the strength of UHPC are presented. Each model utilized a different
normalization technique. Figure 5d shows the performance of the Linear SVM model, with
Z-Score normalization. It demonstrates a linear relationship between the predicted values
indicating a strong fit for the model. However, there is some variability in the predicted
values, suggesting that the model’s precision may vary. Figure 5e shows the Polynomial
SVM model with Min-Max normalization. It also exhibits a trend with greater dispersion,
indicating that it might be more sensitive to the nonlinear nature of the data. Finally,
Figure 5f showcases the RBF SVM model with Z-Score normalization. The predictions
cluster closer along the unity line than the two other models, suggesting that this model
captures linear relationships in the dataset more effectively.
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Figure 4. Comparison of performance measures in ML models: (a) R2; (b) RMSE.
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Figure 5. Predicted versus actual values of training and test data in ML models: (a) Random Forest;
(b) ANN; (c) Linear Regression; (d) Linear SVM; (e) Polynomial SVM; (f) RBF SVM.
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4. Parametric Study

The best prediction model in Section 3 -Random Forest— was used for a parametric
study, in which the parameters affecting the compressive shear strength of UHPC mix can
be varied and their effect can be studied. In this investigation, a parametric analysis was
carried out on the influence of different FA replacement percentages and superplasticizer
dosages at different curing periods.

The parametric study was carried out by varying the FA replacement percentages from
0 to 100%, at four dosages of superplasticizer (0, 15, 30, 40), both at three curing periods
(28, 56, and 120 days), respectively. The main aim of the study is to investigate the effect
of higher FA replacement percentages (>60%) at longer curing periods. The study was
conducted by setting the w/b ratio to 0.15, which is most common w /b ratio used in UHPC
mixes. Another reason for fixing the w/b ratio is because it has a negative correlation to
the compressive strength, so decreasing it to the most minimal possible value will give
the best results. Figure 6 demonstrates the results using the most accurate Random Forest
model. It can be detected from the Figure 6a that the maximum compressive strength values
obtained were at superplasticizer levels of 0 and 15, where they all had 150 MPa strength.
The superplasticizer levels of 30 and 40 had a compressive strength value of 115 and 118,
respectively. All those values were found to be at a FA% of 70. The results in Figure 6b,
where the curing days are 56, are very similar to the results found in Figure 6a, with a curing
time of 28 days. Similarly, the maximum compressive strength is at the superplasticizer
levels of 0 and 15, where the strength is 150 MPa. The other superplasticizer levels (30 and
40) have a compressive strength of 117 and 125, respectively, which are slightly higher than
the ones found in Figure 6a at the same levels.

Lastly, the final findings of the parametric tests were conducted by varying the curing
period to 120 days as shown in Figure 6c. The results in the figure show a significant
increase in the compressive strength of the UHPC mix with a fly ash percentage of 50
at superplasticizer levels 0 and 15, respectively. The compressive strength on average
increased by 24 MPa when comparing it to the results at 56 curing days. This finding in the
parametric study provided the highest compressive strength result of 159 MPa. As accurate
as the Random Forest model was, those results were not exactly expected. The few previous
conducted experiments in the literature showed an even higher increase in the compressive
strength when comparing 28 to 120 days. The mix that had the highest compressive strength
at 28 days only increased by 4 MPa at 120 days while taking into consideration the fly
ash percentage was 70%. Whereas the mix that had the highest compressive strength at
120 days increased by 24 MPa when comparing it to its strength at 28 days as mentioned
above. Additionally, the results are lining up correctly with the facts previously stated
about how fly ash percentage affects the compressive strength of UHPC. This could be
proven correct in this parametric study when comparing the compressive strength of a mix
with the following parameters of a fly ash percentage at 100 and superplasticizer at 0. This
specific mix increased its compressive strength by 8 MPa when going from 28 to 120 days.
This shows that the model is able to capture the trends in the mix design and accurately
predict the strength even though some of the parameters have a nonlinear relationship.
This parametric study can be further enhanced by expanding the dataset to have more
points of compressive strength UHPC mix results with 120 days and above.
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Figure 6. Parametric study results: (a) Curing period of 28 days; (b) Curing period of 56 days;
(c) Curing period of 120 days.

5. Conclusions

This study utilized previously published data on the compressive strength of UHPC
with different FA replacement percentages to create a predictive model of the UHPC’s
compressive strength using six ML models. The model also takes into consideration
other parameters, including w/b ratio, superplasticizer content, and curing period. After
choosing the best prediction model using comparative performance measures, the model
was used to predict the UHPC’s strength with various FA%. The following conclusions can
be drawn out of the study:

e  The Random Forest ML model emerged as the top performer in predicting UHPC’s
strength with an R? value of 0.8857. This was achieved due to the Random Forest
model being able to capture complex nonlinear relationships inherent in the dataset.
The results achieved with the model emphasize the value of leveraging advanced algo-
rithms that can handle multidimensional data and interaction effects more effectively
than simple traditional models.
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Traditional modelling techniques such as Linear Regression and SVMs showed limited
capability in accurately predicting UHPC strength where the best model out of them
had an accuracy of 0.5844. This limitation points to the difficulties of applying linear
or margin-based models to phenomena characterized by complex interactions and
nonlinear dependencies. This highlights the importance of considering the relationship
between the different variables before applying the models. Variables like w /b ratio
and superplasticizer have a complex relationship with UHPC's strength that cannot
be captured with a simple traditional model like linear regression.

The research emphasizes the necessity of broadening the scope of data collection to
include a wider array of conditions, processing parameters, and material compositions.
The parametric study was performed but limited by the variety of data in the dataset.
After 120 days the predictive model was not able to predict the increase in strength of
the concrete.
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Appendix A

Table A1. Collected data.

o Superplasticizer Curing Period Compressive
Reference FA (%) P (kl; /m3) wib (Dgays) Strengpth (MPa)
0 0 0.2 28 150
10 0 0.2 28 140
15 0 0.2 28 145
20 0 0.2 28 155
. 25 0 0.2 28 137
Ferdo[sllg? etal. 30 0 0.2 28 137
35 0 0.2 28 140
20 0 0.2 28 145
20 0 0.2 28 145
25 0 0.2 28 155
30 0 0.2 28 150
0 30.2 0.2 1 59
0 30.2 0.2 7 95.7
0 30.2 0.2 28 106.3
0 30.2 0.2 56 108.8
0 30.2 0.2 90 114.1
Chen et al. [20] 0 30.2 0.2 1 70.7
0 30.2 0.2 7 97.4
0 30.2 0.2 28 113.2
0 30.2 0.2 56 113.8
0 30.2 0.2 90 118.1




Infrastructures 2024, 9, 92 15 of 20
Table A1l. Cont.
Superplasticizer Curing Period Compressive
Reference FA (%) P (kI;/m3) wib (Dgays) Strengpth (MPa)
20 30.2 0.2 1 53.7
20 30.2 0.2 7 99.2
20 30.2 0.2 28 109.9
20 30.2 0.2 56 110.3
20 30.2 0.2 90 117.5
30 30.2 0.2 1 24.6
30 30.2 0.2 7 101.2
30 30.2 0.2 28 114.8
30 30.2 0.2 56 117.2
30 30.2 0.2 90 119.3
40 30.2 0.2 1 24.6
40 30.2 0.2 7 101.2
40 30.2 0.2 28 114.8
40 30.2 0.2 56 117.2
Chen et al. [20] 40 30.2 0.2 920 119.3
0 34.2 0.2 1 72.8
0 34.2 0.2 7 102.8
0 34.2 0.2 28 113.8
0 34.2 0.2 56 126.2
0 34.2 0.2 90 139.3
0 34.2 0.2 1 72.8
0 34.2 0.2 7 102.8
0 34.2 0.2 28 113.8
0 34.2 0.2 56 126.2
0 34.2 0.2 90 139.3
0 34.2 0.2 1 73.2
0 34.2 0.2 7 102.3
0 34.2 0.2 28 115.2
0 34.2 0.2 56 129.3
0 34.2 0.2 920 149.7
0 5.11 0.4 3 40
0 5.11 0.4 7 50
0 5.11 04 28 65
0 5.11 0.4 56 78
0 5.11 0.4 91 79
0 5.11 04 210 79
30 4.77 0.3 3 48
30 4.77 0.3 7 59
30 4.77 0.3 28 75
30 4.77 0.3 56 85
30 4.77 0.3 91 87
30 4.77 0.3 210 89
40 4.75 0.3 3 44
Alsalman et al. [22] 40 4.75 0.3 7 50
40 4.75 0.3 28 65
40 4.75 0.3 56 88
40 4.75 0.3 91 86
40 4.75 0.3 210 87
0 6.77 0.3 3 68
0 6.77 0.3 7 71
0 6.77 0.3 28 85
0 6.77 0.3 56 97
0 6.77 0.3 91 100
0 6.77 0.3 210 100
40 4.24 0.3 3 68
40 4.24 0.3 7 70
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Table A1l. Cont.
Superplasticizer Curing Period Compressive
Reference FA (%) P (kI; /m3) w/b (Dgays) S trengpth (MPa)

40 4.24 0.3 28 86

Alsalman et al. [22] ig igi 8; gi’ 19 070
40 4.24 0.3 210 100
0 0 0.15 28 161

40 0 0.15 28 150

Hakeem et al. [37] 60 0 0.15 28 158
80 0 0.15 28 143

100 0 0.15 28 130
0 6 0.4 7 62
0 6 0.4 14 70

0 6 0.4 28 77.5
10 6 0.35 7 70

10 6 0.35 14 77.5
10 6 0.35 28 94

10 6 0.35 56 99.5
15 6 0.35 7 58
15 6 0.35 14 65

15 6 0.35 28 73.5
Haque & Kayali 0 7.5 0.35 7 69
[43] 0 7.5 0.35 14 75

0 7.5 0.35 28 92.5

0 75 0.35 56 106
10 75 0.25 7 84

10 7.5 0.25 14 93.5

10 75 0.25 28 111

10 7.5 0.25 56 121.5

15 7.5 0.3 7 75.5
15 75 0.3 14 89

15 75 0.3 28 102

15 7.5 0.3 56 113.5
0 0 0.15 1 63

0 0 0.15 7 105

0 0 0.15 28 134

0 0 0.15 90 153
10 0 0.15 1 63

10 0 0.15 7 102

10 0 0.15 28 129

Hasnat & Ghafoori 10 0 0.15 90 152
[38] 30 0 0.15 1 51
30 0 0.15 7 90

30 0 0.15 28 126

30 0 0.15 90 153
40 0 0.15 1 47
40 0 0.15 7 81

40 0 0.15 28 119

40 0 0.15 90 151
0 0 0.1 28 88

0 0 0.12 28 135

0 0 0.15 28 122

0 0 0.18 28 110
Wang et al. [39] 0 0 0.2 28 95
0 0 0.23 28 88
0 0 0.25 28 80
0 0 0.3 28 70
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Table Al. Cont.
Superplasticizer Curing Period Compressive
Reference FA (%) P (kI;/m3) wib (Dgays) Strengpth (MPa)

20 0 0.1 28 125
20 0 0.12 28 155
20 0 0.15 28 145
20 0 0.18 28 135
20 0 0.2 28 130
20 0 0.23 28 115
20 0 0.25 28 110
20 0 0.3 28 110
40 0 0.1 28 125
40 0 0.12 28 135
40 0 0.15 28 130
40 0 0.18 28 120
40 0 0.2 28 110
40 0 0.23 28 105
40 0 0.25 28 100
40 0 0.3 28 100
0 0 0.35 3 50
0 0 0.35 7 62
0 0 0.35 28 48
0 0 0.35 90 80
Wang et al. [39] 8 0 0.35 3 46
8 0 0.35 7 75
8 0 0.35 28 60
8 0 0.35 920 100
15 0 0.35 3 47
15 0 0.35 7 90
15 0 0.35 28 77
15 0 0.35 90 110
0 0 0.25 3 75
0 0 0.25 7 70
0 0 0.25 28 90
0 0 0.25 90 90
8 0 0.25 3 85
8 0 0.25 7 87
8 0 0.25 28 95
8 0 0.25 920 97
15 0 0.25 3 92
15 0 0.25 7 100
15 0 0.25 28 100
15 0 0.25 90 100
0 0 0.2 3 98
0 0 0.2 7 122
0 0 0.2 28 150
0 0 0.2 90 154
20 0 0.2 3 85
20 0 0.2 7 105
20 0 0.2 28 135
20 0 0.2 90 150
Wu et al. [40] 40 0 02 3 85
40 0 0.2 7 105
40 0 0.2 28 140
40 0 0.2 90 165
60 0 0.2 3 75
60 0 0.2 7 93
60 0 0.2 28 140
60 0 0.2 920 150
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Table Al. Cont.

Superplasticizer Curing Period Compressive

Reference FA (%) P (kI; /m3) w/b (Dgays) S trengpth (MPa)
0 45 0.2 28 117
20 45 0.3 28 122
Yazici [41] 40 45 0.4 28 124
60 45 0.5 28 117
80 45 0.65 28 77
15 6 0.3 7 70
15 6 0.3 28 80
15 6 0.3 56 20
15 6 0.3 90 95
15 6 0.3 180 100
25 5.3 0.3 7 70
25 5.3 0.3 28 82
25 5.3 0.3 56 92
25 5.3 0.3 90 95
Jaturapitakkul et al. 25 5.3 0.3 180 100
[42] 35 43 0.3 7 70
35 43 0.3 28 80
35 4.3 0.3 56 88
35 43 0.3 90 93
35 43 0.3 180 100
50 3.2 0.3 7 70
50 3.2 0.3 28 77
50 3.2 0.3 56 84
50 3.2 0.3 90 87
50 3.2 0.3 180 91
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