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Abstract: The process of concrete production involves mixing cement, water, and other materials.
The quantity of each of these materials results in a performance that is particularly estimated in
terms of compressive or flexural strength. It has been observed that the final performance of concrete
has a high variance and that traditional formulation methods do not guarantee consistent results.
Consequently, designs tend to be over-designed, generating higher costs than required, to ensure the
performance committed to the client. This study proposes the construction of predictive machine
learning models to estimate compressive or flexural strength and concrete slump. The study was
carried out following the Team Data Science Process (TDSP) methodology, using a dataset generated
by the Colombian Ready Mix (RMX) company Cementos Argos S.A. over five years, containing the
quantity of materials used for different concrete mixes, as well as performance metrics measured
in the laboratory. Predictive models such as XGBoost and neural networks were trained, and
hyperparameter tuning was performed using advanced techniques such as genetic algorithms to
obtain three models with high performance for estimating compressive strength, flexural strength,
and slump. This study concludes that it is possible to use machine learning techniques to design
reliable concrete mixes that, when combined with traditional analytical methods, could reduce costs
and minimize over-designed concrete mixes.

Keywords: concrete; compressive strength; flexural strength; slump; machine learning; optimization
algorithms

1. Introduction
1.1. Constituted Materials and Mixture Design of Concrete

After water, concrete is the most used material in the world with an annual production
of approximately 4.1 billion tons of cement [1] and a consumption of around 14 billion
cubic meters of concrete [2]. In per capita terms, cement production exceeds three times
the production of steel or wood [3]. Since ancient times, concrete has been able to satisfy
the needs for housing and infrastructure applications. Concrete is an easy-to-use material
that is in a plastic state when freshly manufactured, allowing it to flow through formwork
to acquire the designed shapes. It has a low price and can be manufactured in almost all
regions of the planet [4]. Concrete production involves mixing various materials from
different qualities based on pre-established designs depending on the desired performance
properties and the characteristics of the materials available at the concrete plants [5].

Concrete is mainly composed of cement, supplementary cementitious materials such
as fly ash, slag, clays, silica fume, fine aggregate, coarse aggregate, water, and chemical
admixtures that allow modification of the characteristics of the mixture based on application
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needs. Cement is a binding material with adhesive and cohesive properties that allow it
to bond different mineral fragments to form a compact structure with adequate strength
and durability [6]. Once it comes into contact with water, the hydration process begins,
undergoing a series of chemical reactions that lead to the formation of calcium silicate
hydrates (C-S-H). This gel gains strength over time, transforming it into a compound with
the mechanical properties necessary for structural applications.

Supplementary cementitious materials (SCMs) are alternative binders that allow the
reduction of the amount of clinker used in blended cements or as cement substitutes in
concrete production. Since the 1970s, quantifiable methods such as the cement factor have
been developed [7], as well as more recent standards such as ASTM C618 [8] , which allows
the determination of the pozzolanic activity of fly ash or natural pozzolans for use in
concrete, ensuring the correct performance of the mixes. Among these materials are fly
ash (FA), natural pozzolans (NP) or artificial pozzolans (AP), silica fume (SF), and ground
granulated blast furnace slag (GGBFS) [9].

Water is a component that enables the reaction in cement and imparts plasticity to
concrete. The mixture of cementitious material and water is known as paste. During the
hydration process, cement undergoes chemical reactions that give it the property of setting
and hardening to form a solid material [6]. The proportion of the amount of water to the
amount of cement is known as the water-to-cement ratio (w/c). This ratio represents one of
the most determining and influential factors in concrete properties such as strength, slump,
and durability.

Fine and coarse aggregates occupy between 60% and 75% of the volume of concrete
and influence its properties in both fresh and hardened states [10]. Fine aggregate refers
to natural sands or crushed rock with particle sizes smaller than 4.75 mm, while coarse
aggregate consists of rocks with particle sizes larger than 4.75 mm; both can be extracted
directly from rock formations or deposits transported by rivers. Aggregates must meet
quality standards that guarantee their optimal use in concrete mixes, thus complying with
characteristics of hardness, purity, durability, low clay content, or other fine materials that
in large proportions can affect the hydration process and the bonding of the cement paste.

Chemical admixtures are used to control the physical and mechanical properties of
concrete mixes in the fresh or hardened state. Understanding the effect of using admix-
tures in concrete mixes allows the achievement of optimal concrete performance, meeting
required properties and contributing to durability in the hardened state [11]. Generally, ad-
mixtures are dosed based on the the amounts of cementitious materials, water, or aggregate
depending on the intended use.

Concrete mix designs can vary depending on the availability of raw materials, physic-
ochemical variations of the cement, climatic changes affecting aggregate moisture, and
admixture technology, among other external conditions. These changes directly influence
the physical and chemical properties of concrete in both the fresh and hardened states,
sometimes resulting in high variability in the expected results for different designs. Com-
pressive strength is one of the main mechanical characteristics of concrete. It is defined as
the capacity to withstand a load per unit area, and many factors can influence compressive
strength, such as cement content, cement type, aggregate quantities and quality, SMCs type,
and temperature, among others [12]. Compressive strength can be evaluated in different
ways; however, it is not only a lengthy process due to the number of variables but may also
require intensive testing and qualified personnel [13].

While the optimization and automation of processes have been achieved by incorpo-
rating quality and production control software, the cement and concrete industry presents
significant challenges for companies dedicated to their manufacture. One of the main
difficulties in applying computational modeling techniques is the complexity of the physic-
ochemical phenomena that govern the behavior of cement and concrete, as well as the high
variability in their production processes. Consequently, there is a need to generate practical
digital alternatives that allow for understanding the complexity of the products to generate
solutions that guarantee their quality.



Appl. Sci. 2024, 14, 4426 3 of 24

1.2. Artificial Intelligence Applied to Concrete Production

In recent years, the use of artificial intelligence techniques to estimate and model a
wide range of problems has increased, especially in civil engineering [14]. In our review of
the literature, we found the application of artificial intelligence techniques in the concrete
production process. The central interest has focused on predicting compressive strength
using supervised machine learning techniques. The use of artificial intelligence techniques
and statistical approaches such as artificial neural networks [15], adaptive neuro-fuzzy
inference systems (ANFIS) [16], genetic programming [17], support vector machines [18],
regression or classification trees [19], and some ensemble methods [20], has been very
relevant in predicting concrete compressive strength based on mix proportions [21]. This
application is quite useful due to the complexity and uncertainty of its calculation, caused
by the variable nature of the materials, the quality of the machinery, and the use of chemical
and mineral admixtures.

In Tables 1 and 2, the literature findings are summarized, identifying the variables to
predict, describing the analyzed data, and outlining the methods applied.

Table 1. Overview of AI techniques found in the literature for prediction of concrete strength.

Output Variable Input Variables Methods Source

Compressive Strength

Cement content, water, fine
and coarse aggregates, silica
fume, nano silica, fly ash,
super plasticizer, and
temperature.

AdaBoost, random forest, and
decision tree. [22]

Compressive Strength

Cement content,
water-to-binder ratio,
cement–sand ratio,
metakaolin-to-binder ratio,
and superplasticizer.

Random forests and firefly
algorithm. [23]

Compressive Strength

Water content, cement, fine
aggregate, coarse aggregate,
binary SCMs (SCM1 and
SCM2), the chemical
composition of each SCM
including SiO2, CaO, Fe2O3,
Al2O3, MgO, physical
properties of binary SCMs,
and age of specimens.

Multi-layer perceptron
network. [24]

Compressive Strength

Tensile strength of cement,
curing age, crushed stone,
stone powder content,
fineness modulus of sand,
water-to-binder ratio,
water-to-cement ratio, water,
sand ratio, and slump.

Gene expression
programming. [25]

Compressive Strength

Cement, blast furnace slag,
pozzolana, water, coarse
aggregate, fine aggregate, and
age.

Artificial neural networks. [26]

Compressive Strength

Cement, blast furnace slag, fly
ash, water, superplasticizer,
coarse aggregate, fine
aggregate, age.

Gradient boosting regression
tree. [27]
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Table 1. Cont.

Output Variable Input Variables Methods Source

Compressive Strength

Cement, water content, fine
aggregate, normal weight
coarse aggregate, lightweight
coarse aggregate, and
water–cement ratio.

Gaussian progress regression,
support vector machine
regression, ensemble learning,
and optimized GPR.

[28]

Tensile and Flexural Strength

Water, cement, silica fume, fly
ash, coarse aggregate, fine
aggregate, viscosity
modifying agent, fibers, fiber
properties, print speed, and
nozzle area.

Gaussian Process Regression,
Decision Tree Regression,
Support Vector Machine, and
XGBoost Regression.

[29]

Compressive, Splitting Tensile,
and Flexural Strengths

Cement, metakaolin,
water-to-binder ratio, fine
aggregate, coarse aggregate,
superplasticizer, and age.

Gene expression
programming, artificial neural
network, M5P model tree
algorithm, and random forest.

[30]

Flexural Strength

Water-to-cement ratio,
sand-to-aggregate ratio,
superplasticizer, silica fume,
steel fiber volume.

Gradient boosting, random
forest, and extreme gradient
boosting.

[31]

Compressive Strength
Water-to-cement ratio, coarse
aggregate, sand, fine
aggregate

multiple linear regression,
artificial neural network, and
adaptive neuro-fuzzy
inference system.

[32]

Table 2. Overview of AI techniques found in the literature for prediction of concrete slump.

Output Variable Input Variables Methods Source

Slump and Compressive
Strength

Water–cement ratio, cement
content, compressive strength
of cement, fine aggregate,
fineness module, chemical
admixture, type of aggregate
(limestone or basalt).

Regression tree, random
forest, support vector
machines, artificial neural
network, partial least square,
bagging, fuzzy logic.

[33]

Slump

Water, cement, fine aggregate,
coarse aggregate, fly ash,
water-reducing admixture,
superplasticizing admixture.

Regularized logistic
regression, linear discriminant
analysis, K-nearest neighbors,
support vector machines,
classification and regression
tree, random forest, extreme
gradient boosting.

[34]

Slump

Cement, blast furnace slag, fly
ash, water, superplasticizer,
coarse aggregate, fine
aggregate, flow.

Neural networks. [35]

Slump
Cement, water-to-binder ratio,
fly ash, sand, coarse aggregate,
superplasticizer.

Nonlinear regression,
multi-linear regression, and
artificial neural networks.

[36]
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Algorithms based on artificial intelligence techniques have proven to be relevant in
exploring the properties of complex systems when there are sufficient data for training. This
study presents a solution to forecast the compressive strength, flexural strength, and slump
of concrete based on the quantities of the materials in the mix. For compressive strength,
the best model identified was a single-hidden-layer multi-layer perceptron regressor with
134 units, achieving a mean absolute percentage error (MAPE) of 11.4% measured through
cross-validation. For flexural strength, a single-hidden-layer multi-layer perceptron regres-
sor with 178 units achieved a MAPE of 14%. Regarding slump, the best-performing model
was a single-hidden-layer multi-layer perceptron regressor with 193 units, which achieved
a MAPE of 7%. MAPE is calculated as shown in Equation (2), representing the average
percentage error of the prediction relative to the actual value.

2. Materials and Methods

This project was developed following the TDSP methodology, which was developed
by Microsoft and influenced by the classic methodology for data mining, the Cross-Industry
Standard Process for Data Mining (CRISP-DM), and the agile framework of Scrum. This
methodology includes best practices and structures from Microsoft and other industry
leaders to help successfully implement data science initiatives [37]. TDSP provides a
lifecycle to structure the development of data science projects.

2.1. Business Understanding

In this phase, collaboration with the client and other stakeholders is essential to
comprehensively understand and identify the business challenges. Subsequently, it is
imperative to pinpoint the data sources that aid in addressing the predefined questions
aligned with the project’s objectives. Finally, key variables are specified as inputs to the
model, alongside performance metrics, to gauge the project’s success [37].

Cementos Argos S.A. is committed to fostering a culture of innovation, research, and
development to uphold its competitive edge and progress toward sustainability. To this
end, it advocates for synergies between the cement and concrete industry challenges and
academic solutions [38]. Despite the longstanding and widespread use of cement and
concrete production processes, considerable uncertainty remains regarding the behavior
of the final product in terms of setting, strength, and slump. This uncertainty primarily
stems from the multitude of variables influencing product formulation and the limitations
in the manufacturing process for measuring these variables. Due to the inherent properties
of cement and concrete, the performance of the final product is often unknown until the
mixture has fully cured, as there is a lack of reliable estimation models. This typically
occurs several days after the initial mixing. Consequently, any adjustments to the quantities
or characteristics of the materials used in the production process are subject to a certain
delay [39].

2.1.1. Data Sources

The database used in this study was constructed from 2019 over a five-year period,
containing the amount of material dosed to form different concrete mixes, as well as
the flexural or compressive strength, and the slump measured at the plant’s laboratory
from real production samples. For the development of the concrete compressive strength
prediction model, an initial dataset with 20,108 records and 92 variables was used. For the
flexural strength model, an initial dataset with 607 records and 92 variables was used. For
the slump model, an initial dataset with 21,335 records and 92 variables was used. These
datasets include, among others, the following input variables: The amount of free water;
the amount of cement; the amount of fine aggregate, its moisture content, and its source;
the amount of coarse aggregate, its moisture content, and its source; and the amount of
SCMs. Regarding the admixtures used for concrete production, three groups were created:
retarder, superplasticizer, and hydration controller, each with their respective amounts.
The records include the plant code where the dosing process was carried out, along with
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the respective output variables for the predictive models: slump, flexural strength, or
compressive strength after 28 days.

2.1.2. Solution Design and Performance Metrics

To solve the problem of predicting concrete quality from mixture characteristics, the
solution design is shown in Figure 1. The data collected by the RMX company to predict
the target variables are prepared by a cleaning process and a feature engineering. Then,
the prepared data are used to create and compare the performance of several supervised
machine learning methods. The comparison is made through error measurements in the
predictions using a 10 fold-cross validation procedure.

Figure 1. Methodology for model training and evaluation.
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To compare the results of the models, their predictive ability is measured using
the mean absolute error (MAE), which measures the average magnitude of the errors
in a set of predictions without considering their sign, and the MAPE, which expresses
accuracy as a percentage of the error and can be easier to interpret than other accuracy
measurement statistics.The mathematical formulae for these two evaluation metrics are
shown in Equations (1) and (2).

MAE =
1
n

n

∑
i=1

|Yreal
i − Ypred

i | (1)

MAPE =
1
n

n

∑
i=1

|Yreal
i − Ypred

i |
|Yreal

i |
(2)

The methods with the best performance are selected for a hyperparameter optimization
process aimed at improving the predictive performance of the models. This optimization
allows for finding the best configuration and selecting the prediction model with the best
performance. Finally, the best model is deployed on a web platform, and its predictive
capability is validated on a monitoring dataset over a new period of time.

This solution design is implemented using the Python (version 3.10.12) language and
the libraries NumPy, pandas, Matplotlib, seaborn, scikit-learn, XGBoost, Scikit-Optimize,
sklearn-genetic, and Joblib.

2.2. Data Acquisition and Understanding

There are three main tasks addressed in this stage. First, the data are made available in
the target analytical environment. Once there, they are explored to determine if their quality
is good enough to answer the objective question. Finally, a data pipeline is configured to
process new data or update them periodically [37]. In this study, the data are accessed from
a relational database in the cloud under the Azure SQL service, which is updated daily.
Access is achieved from Google Colaboratory using the pyodbc and pandas packages. For
the development of this project, data from a five-year period were taken, and the records
from the first 55 months were used for training and the rest for monitoring.

2.2.1. Statistical Description of the Data

In a Google Colab notebook, each of the tables was loaded, and a general descriptive
analysis of the data was performed. The number of rows and columns, data types, and the
presence of empty records were reviewed. For numerical variables, the mean, standard
deviation, minimum value, maximum value, and quartiles were calculated. For categorical
variables, the unique values and their frequency distribution were listed. Subsequently,
a quick analysis was performed using the Pandas Profiling package [40], which provides
visualizations to help understand the distribution of each variable and generates alerts
when a variable has only one value, is empty, has a high percentage of nulls or zeros,
and when there are linear relationships between variables. With the information obtained
and after conducting an analysis with experts in the field of concrete production, the data
cleaning process was carried out.

2.2.2. Data Cleaning

To apply machine learning methods, different cleaning processes were developed for
each of the tables containing information: According to the criteria of an expert in concrete
mixes, columns that would not be useful for training the models were removed. Empty
columns were removed. Duplicate records were removed. Adjustments were made to the
quantities, as in some cases, where different units of measurement were used.

2.3. Modeling

In this phase, the objective is to create a machine learning model that predicts the
target variable with the highest precision and is suitable for deployment in production.
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Three specific activities are undertaken to develop this stage: Feature engineering (data
transformation and feature selection), model training (training the model and tuning its hy-
perparameters), and finally, evaluating whether the model performance meets production
requirements [37].

2.3.1. Feature Engineering
Data Transformation

In accordance with the specific recommendations provided by experts, the following
adjustments were made to the datasets:

• Variables were grouped together because the components they represent are similar
and only differ in brand or reference. The quantities of each grouped variable were
summed to create a new single variable.

• All predictor variables were standardized to the production of one cubic meter of
concrete. This was implemented by dividing each component quantity by the amount
of concrete produced.

• For outlier treatment, quality rules established by concrete production experts were used.
• To facilitate model convergence, input variables were standardized using a standard

scaler, and categorical variables were converted to numerical using a one hot encoder.

Feature Selection

To define the input variables that are relevant in the model, linear and non-linear
analyses of the input variables with respect to the target variable were conducted. For the
relationship analysis, the mutual information measure was used to estimate both linear
and non-linear relationships between variables. Additionally, a linear relationship analysis
was performed using the Pearson correlation coefficient to observe dependencies between
independent and perhaps not so independent variables.

2.3.2. Building of Predictive Models

The following models were trained using the training dataset:

• Regression Tree (RT): These divide the data into homogeneous subsets through binary
partitions. The most discriminative variable is first selected as the root node to split
the dataset into nodes or branches. The partitioning is repeated until the nodes
are homogeneous enough to be definitive. Thus, in a tree structure, the terminal
nodes (called leaves) represent class labels, and the branches represent conjunctions of
features leading to those class labels [20].

• K-Nearest Neighbors Regressor (KNN): This method predicts for a given data point
based on the average of the target values of the K-nearest neighbors. The main
advantage of KNN regression is that it is simple to apply and can perform well in
practice, especially if there is a clear pattern in the data. However, KNN regression
can be computationally expensive as it requires calculating distances between all data
points in the training set for each prediction [41].

• Multi-Layer Perceptron Neural Network Regressor (MLP): A computational model
inspired by biological neural networks, featuring a layered organization of neurons
where the input layer represents the predictor variables, the output layer represents
the target variable, and the hidden layers perform nonlinear mappings of the data [42].

• Support Vector Machine Regressor (SVR): Constructs a hyperplane supported by as
many data points as possible, called support vectors. They are known for using the
kernel trick to increase the dimensionality of the data and achieve prediction [43].

• Random Forest Regressor (RF): Constructs a large number of decision trees at training
time, and the prediction outputs are subjected to a vote by the individual trees. The
basic concept behind this is that a group of weak classifiers can be joined together to
build a strong prediction [44].

• Gradient Boosting Regressor (GBoost):Gradient boosting is an ensemble of multiple
models, typically decision trees. The fundamental concept behind this algorithm is
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that each tree is trained using the errors (residuals) from all the preceding trees. Addi-
tionally, the negative gradient of the loss function in the current model is employed
as an estimate for these errors in the boosted tree algorithm, which helps adjust the
regression or classification tree [27].

• Extreme Gradient Boosting Regressor (XGBoost): It is a technique based on decision
trees that takes into account data dispersion for approximate tree learning. It is a
gradient boosting algorithm optimized through parallel processing, tree pruning,
handling of missing values, and regularization to avoid overfitting and bias [45].

To select the models with the best performance, MAPE of the models was compared
using a 10-fold cross-validation. The training sets are divided into 10 groups, selecting one
as the test set in each iteration. The remaining 9 groups are used as the training set, and the
model is trained and evaluated 10 times. The MAPE metric is calculated as the average
of these 10 evaluations. Using 10-fold cross-validation can effectively avoid overfitting or
underfitting and improve the reliability of the final prediction [23].

2.3.3. Model Optimization

The three models with the best performance were selected for a hyperparameter
optimization process. The optimal combination of these values allows for maximizing the
model’s performance and reducing the error percentage. Three optimization techniques
were used: Bayesian optimization, genetic algorithms, and particle swarm optimization.

Bayesian Optimization (BO):

In this case, the hyperparameter tuning can be viewed as the optimization of an un-
known black-box function. Bayesian optimization works by assuming that the unknown
function is sampled from a Gaussian process and maintains a posterior distribution for this
function as observations are made, or in this case, as the results of running experiments of
learning algorithms with different hyperparameters are observed. To choose the hyperpa-
rameters for the next experiment, one can optimize the expected improvement over the
current best result or the upper confidence bound of the Gaussian process. This has been
shown to be efficient in the number of experiments needed to find the global minimum
of the black-box function [46]. This process was implemented using the BayesSearchCV
function from the skopt (Scikit-Optimize) package.

Genetic Algorithms (GA):

A genetic algorithm is a heuristic, biology-inspired approach based on the evolutionary
process that represents an optimization procedure in a binary search space. It runs multiple
times through an evolutionary cycle, which involves the selection of individuals, crossover
to create offspring, and occasional mutation. After each cycle, the fitness function of each
individual is calculated, and the best ones are selected to survive and reproduce. The
process of generating new populations continues until a termination check is met, with the
condition that each rule in the population satisfies a predefined fitness threshold [47]. The
GASearch library was used for hyperparameter optimization in this case.

Particle Swarm Optimization (PSO):

Inspired by the group behavior of bird flocks and fish schools, this method is based
on collective intelligence. The algorithm consists of a group of particles moving through
the search space, adjusting their positions based on their own experience and that of other
particles. The goal is to find a solution that minimizes a given objective function. This
is achieved through iterations, improving the position until no further improvement can
be found or a maximum number of iterations is reached. PSO has been shown to have
wide optimization capabilities due to its simple concept, easy implementation, scalability,
robustness, and rapid convergence [48]. The pyswarm library was used for this purpose.
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Tuned Hyperparameters:

Table 3 shows the description of tuned hyperparameters.

Table 3. Tuned Hyperparameters Description.

Hyperparameter Description Algorithm

momentum

Controls the influence of previous steps
in updating weights during training. Can
help prevent oscillations and speed up
convergence.

MLP

hidden_layer_sizes Defines the number of nodes in each
hidden layer of the neural network. MLP

solver

Specifies the optimization algorithm used
to adjust the weights of the network. Can
be Adam or stochastic gradient descent,
among others.

MLP

max_iter Sets the maximum number of iterations
the solver can perform. MLP

activation Defines the activation function used in
the hidden layers. MLP

learning rate init
Some adaptive optimizers automatically
adjust the learning rate, but this
parameter indicates the initial value.

MLP

learning_rate

Controls the contribution of each tree to
the model update (or the step size in
neural networks). A lower value makes
the model more robust but may require
more trees to achieve good performance.

GBoost, MLP

n_estimators

Number of trees to build in the boosting
process. A higher value usually leads to a
more robust model but can also increase
training time.

GBoost, random forest

max_depth

Defines the maximum depth of each tree
in the model. A higher value allows the
model to learn more complex patterns
but can also lead to overfitting.

GBoost, random forest

min_samples_leaf

Minimum number of samples required in
a leaf node. Higher values usually give
simpler models and help prevent
overfitting.

GBoost, random forest

max_features

Maximum number of features to consider
when building trees. Varying this helps
mitigate overfitting and improve model
generalization.

Random forest

subsample

The proportion of training observations
used to build each tree. A lower value
can make the model more conservative
and less prone to overfitting.

GBoost

Criterion The function to measure the quality of a
split. GBoost
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2.3.4. Model Evaluation

The final predictive models were evaluated to observe their generalization ability by
measuring the mean absolute percentage error (MAPE) and mean absolute error (MAE)
using a 10-fold cross-validation.

2.4. Deployment

The model and the data processing pipeline should be deployed in a production
environment for consumption by the application [37]. This phase also includes monitoring
the model in production to validate the operation of the deployed model and confirm that
the pipeline meets the client’s requirements.

3. Results

The TDSP methodology enabled effective collaboration in a team composed of experts
in machine learning and experts in concrete manufacturing. The results obtained in the
different stages of the methodology are presented below.

3.1. Business Understanding

One of the objectives of the project developed by Cementos Argos S.A. was to re-
duce the over-design of concrete mixes, ensuring that the mix performance meets client
expectations. This over-design stems from the uncertainty inherent in traditional models
for concrete mix design. Figure 2 shows the difference between the final performance
metrics (compressive strength, flexural strength, and slump) and those requested by the
client (committed metrics). For compressive strength, a mode close to 10 MPa excess is
observed; for flexural strength, a mode close to 1.2 MPa; and for slump, a mode of 20 mm.
With this in mind, the following performance goals for predictive models can be defined:
for compressive strength, an MAE less than 10 MPa; for flexural strength, an MAE less
than 1.2 MPa; and for slump estimation, an MAE less than 20 mm. The literature review
allowed us to define performance goals, as in the case of compressive strength prediction,
where [27] concludes that a model with R2 = 0.92 has a high level of accuracy. However,
we consider that the results of other research are not comparable to ours due to the number
of samples used to train and evaluate the models; whereas most studies barely reach a
thousand samples, our study contains more than 20,000.
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Figure 2. (a) Compressive Strength Difference. (b) Flexural Strength Difference. (c) Slump Difference.
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3.2. Data Acquisition and Understanding

Data from January 2019 to July 2023 are used to create the models, initially comprising
91 variables. The datasets contain 20,725 data records for building the compressive strength
prediction model; 607 data records for building the flexural strength prediction model;
and 21,335 data records for building the slump prediction model. Figure 3 shows the
distributions of the output variables in each dataset.

Figure 3. (a) Compressive Strength Data Distribution. (b) Flexural Strength Data Distribution. (c)
Slump Data Distribution.

To apply machine learning methods, it is necessary for the data to be of good quality,
which is why outlier and null cleaning are performed. Outlier cleaning was carried out by
evaluating quality rules defined by concrete production experts, as presented in Table 4.
Records with values outside the established ranges were removed, as well as records that
did not have a value for compressive strength, flexural strength, or slump.

Table 4. Definition of maximum and minimum values for concrete components.

Variable Units Min Max

Coarse
aggregate—quantity kg/m3 0 2500

Coarse
aggregate—moisture

content
% 0 6

Fine
aggregate—quantity kg/m3 0 2000

Fine
aggregate—moisture

content
% >0 15

Free Water L/m3 >0 200

Cement 1 kg/m3 200 1000

Cement 2 kg/m3 0 1000

Admixture_1 Retarding g/m3 >0 5000

Admixture_2
superplasticizing g/m3 >0 5000

Admixture_3
Set-controlling g/m3 0 2000

SCMs kg/m3 0 100

28 d Compressive
Strength MPa 10 100

28 d Flexural Strength MPa 0 10

Slump mm 0 300



Appl. Sci. 2024, 14, 4426 14 of 24

At the end of the data cleaning process, a dataset with 20,108 rows was obtained for
the compressive strength model, a dataset with 551 rows for the flexural strength model,
and a dataset with 20,662 rows for the slump model.

3.3. Modeling
3.3.1. Feature Engineering

The transformations applied to the variables are described below:

• Variables were grouped because the components they represent are similar and only
differ in brand or reference. The quantities of each grouped variable were summed
to create a new single variable. For example, instead of having three references for
cement, a single variable called “Cement 1” was kept. Similarly, instead of having five
references for a retarding admixture, a single variable called “Admixture_1 Retarding”
was kept.

• Variables with zero values were removed.
• In order to observe the influence of different independent variables on the output

variable, linear and non-linear relationship analyses were conducted using the mu-
tual_info_regression method, this method quantifies the interdependence of two
variables, a higher mutual information suggests a stronger correlation between the
variables [49]. Unlike the linear correlation coefficient, mutual information is sensitive
to dependencies that may not be apparent in the covariance [50]. For 28-day compres-
sive strength, it was found that in addition to cement, retarding and superplasticizer
admixtures, supplementary cementitious materials, and free water, there is also a
relationship with the moisture content of the aggregates and their sources. In the case
of 28-day flexural strength, the results are similar, but there is a stronger relationship
with the superplasticizing admixtures than with the retarding agents, and there is a
stronger relationship with the plant where the concrete is produced. Finally, in the
prediction of slump, it was found that water has a stronger relationship than in the
strength predictions.

• Pearson correlation was analyzed to detect dangerously high relationships between
independent variables, verifying that there are no correlations greater than 0.8 or less
than −0.8 between independent variables, unless they correspond to the quantity of
aggregate and its moisture content from the same source. This way, the existence of
redundant variables is ruled out.

• All independent variables were scaled to the production of one cubic meter of concrete.

At the end of the data transformation process, a dataset with 20,108 rows and
47 columns was obtained for the compressive strength model, a dataset with 551 rows and
41 columns for the flexural strength model, and a dataset with 20,662 rows and 47 columns
for the slump model.

3.3.2. Predictive Models

A 10-fold cross-validation was performed over the training set to compare the pre-
dictive methods RT, KNN, MLP, support vector regressor SVR, RF, GBoost, and XGBoost
in predicting compressive strength. An analysis of variance (ANOVA) was conducted to
assess whether there are significant differences in the performance of the machine learning
methods; however, there was not enough evidence to reject the null hypothesis that there
are no significant differences between the methods. The same results were found using the
Tukey method, where no significant differences were found between each pair of methods.
Consequently, the methods were compared using boxplots (Figure 4), where a smaller
spread suggests higher consistency in the model’s performance. It can be seen that RT and
KNN have the highest errors. SVR has a very high error in one of the cross-validation
iterations, which significantly increases its average MAPE. XGBoost has a median biased
towards higher values, which could indicate the presence of outliers or a skewed distri-
bution. Finally, the three methods with the best performance were selected: MLP, RF, and
GBoost.
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Figure 4. Performance Comparison.

3.3.3. Hyperparameter Optimization

The MLP, RF, and GBoost models were selected to undergo a hyperparameter tuning
process using the BO, GA, and PSO optimization algorithms. Finding the optimal combina-
tion of values for the training parameters helps maximize the model’s performance on the
target dataset and reduce the error percentage.

Tables 5–7 present the values obtained for each of the hyperparameters in predicting
28-day compressive strength. Additionally, the MAPE value resulting from evaluating the
final model on the test data is provided.

Table 5. MLP Optimization Results.

Optimization
Technique Momentum

Hidden
Layer
Sizes

Max_iter Activation Solver Learning
Rate Init MAPE

BO 0.5200 50 100 logistic adam 0.003 13.38%

GA 0.1031 134 100 relu sgd 0.033 11.42%

PSO 0.4000 65 200 logistic sgd 0.003 11.73%

Table 6. RF Optimization Results.

Optimization
Technique n Estimators Max_depth Min Samples

Split
Min Samples

Leaf MAPE

BO 293 25 5 1 12.81%

GA 300 16 2 4 11.96%

PSO 350 30 6 1 13.33%

Table 7. GBoost Optimization Results.

Optimization
GBoost

Learning
Rate

n Estima-
tors Max_depth

Min
Samples

Leaf
Subsample MAPE

BO 0.0432 318 16 27 0.96 12.1%

GA 0.0431 241 26 26 0.64 12.5%

PSO 0.5 400 50 3 0.80 14%
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For the RF algorithm, the hyperparameters obtained with GA are selected, resulting
in a MAPE of 11.96%. For the MLP method, the hyperparameters obtained with GA are
selected, resulting in a MAPE of 11.42%. Finally, for the GBoost method, the hyperparam-
eters obtained with BO are selected, resulting in a MAPE of 12.1%. Figure 5 presents the
results of the 10-fold cross-validation to compare the optimized predictive methods, where
the model obtained with MLP is selected because it has the lowest MAPE and the smallest
spread, suggesting higher consistency in the model’s performance.

Figure 5. 10-Fold Cross Validation Optimized Models.

After determining that the MLP method optimized with GA achieved a lower MAPE
in predicting compressive strength, an optimized MLP model with GA is created to predict
flexural strength and slump. The evaluation metrics resulting from a cross-validation of
the final models are presented in Table 8.

Table 8. Final Model Description and Performance.

Model Hyperparameters MAPE Train MAE Train MAPE Test MAE Test

Compressive
strength after

28 days

activation = “relu”
hid-
den_layer_sizes =
(134) solver = ’sgd’
learning_rate =
’constant’
learning_rate_init
= 0.003 momentum
= 0.1031 max_iter
=100

9.37% 3.54 MPa 11.41% 4.36 MPa
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Table 8. Cont.

Model Hyperparameters MAPE Train MAE Train MAPE Test MAE Test

Flexural strength
after 28 days

activation=“relu”
hid-
den_layer_sizes =
(178) solver = ’sgd’
learning_rate =
’constant’
learning_rate_init
= 0.003 momentum
= 0.1031 max_iter
= 100

10.25% 0.50 MPa 14.05% 0.70 MPa

Slump

activation = “relu”
hid-
den_layer_sizes =
(193) solver = ’sgd’
learning_rate =
’constant’
learning_rate_init
= 0.003,
momentum =
0.1031 max_iter =
100

4.83% 7.08 mm 7.27% 11.7 mm

In the three predictive models, the differences between the errors in the training and
test sets were found to be relatively small, suggesting that the model generalizes well to
new data and does not suffer from overfitting. Overfitting occurs when a model fits too
closely to the training data and does not generalize well to new data, which would be
reflected in a significant discrepancy between performance in the training and test sets.

3.4. Deployment

To deploy the models, we developed three pipelines that include normalizing numeri-
cal variables (StandardScaler), creating dummy variables (OneHotEncoder), and applying
the model (MLPRegressor), as shown in Figure 6.

Figure 6. Pipeline for Data Preparation and Model Application.



Appl. Sci. 2024, 14, 4426 18 of 24

To validate the quality of the three models, we selected a monitoring dataset containing
records from August to November 2023. The following figures present the prediction
obtained by the final models vs. the actual values in the monitoring dataset. Ideally,
the points on the graph should be close to the diagonal line, which represents a perfect
prediction where the predicted value is exactly equal to the actual value. Alignment
close to the diagonal indicates that the model is making accurate and reliable predictions.
The dispersion around the diagonal line is normal due to the inherent limitations of any
predictive model. The compressive strength (Figure 7) and flexural strength (Figure 8)
graphs show a distribution along the diagonal, representing reliable predictions. In the
slump graph (Figure 9), a distribution along the diagonal is also observed, except for 10
predictions that deviate considerably from the diagonal.

Figure 7. Actual vs. Predicted Compressive Strength Applied on Test Data.

Figure 8. Actual vs. Predicted Flexural Strength Applied on Test Data.
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Figure 9. Actual vs. Predicted Slump Applied on Test Data.

In the monitoring of the three models, points deviating from the diagonal can be
observed through visual inspection, as they exhibit a significantly greater distance com-
pared to the other data points. Predictive models applied to real-world data are subject to
imperfections, which can manifest as discrepancies in the real vs. predicted value graph.
The data collected from real-world sources often carry inherent noise and variability, which
can obscure patterns and undermine prediction precision. Moreover, actual measure-
ments of compression, flexion, and slump may be influenced by meteorological factors not
considered in predictive models.

For deployment, a cloud-based prediction platform was implemented, operating as
Software as a Service (SaaS). This platform contains the necessary information for the
model’s operation, including a joblib file with the data processing pipeline and the trained
prediction models. On this platform, users can input the amounts of concrete mixture and
obtain the desired prediction results by clicking a button. It is important to highlight that
this predictive-capable platform underwent socialization and validation with personnel
from the concrete production field.

4. Discussion

Unlike other studies, the present study predicts, in addition to the traditional compres-
sive strength of concrete, flexural strength and slump values.

For the estimation of compressive and flexural strength of concrete at 28 days, as well
as slump, several supervised learning models (LR, RT, KNN, MLP, SVR, RF, GBoost, and
XGBoost) were trained and their performance tested. Using cross-validation, MAPE was
measured to assess the predictive abilities of each model. The results from the training
phase indicated that the supervised learning models developed in this study performed
well in predicting concrete performance variables. Among these models, the MLP model
proved to be the most effective compared to the others. For compressive strength estimation,
a MLP with a hidden layer of 134 units achieved a MAE of 4.3 MPa and MAPE of 11.4%.
For flexural strength estimation, a MLP with a hidden layer of 178 units achieved a MAE of
0.7 MPa and MAPE of 14%. For slump estimation, an MLP with a hidden layer of 193 units
achieved an MAE of 11.7 mm and MAPE of 7%.

Since the best method for predicting compressive strength was MLP and the best
optimization technique was GA, MLP with GA optimization was selected to build the
prediction model for flexural strength and slump. The performance of the models obtained
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demonstrated that this solution is valid, and models with acceptable performance can be
obtained in less time than traditional model selection methods.

Instead of using the traditional grid search for hyperparameter tuning, we used
different methods (GA, BO, PSO). The method that proved to optimize the hyperparameters
most effectively was a GA.

The data acquisition and understanding phase has been crucial for the success of our
study. We have leveraged an extensive dataset collected over a period of more than five
years to train and validate our predictive models. The availability of detailed data on
compressive strength, flexural strength, and slump has allowed us to develop robust and
reliable models. Data cleaning and preparation have been critical aspects of our modeling
process. The identification and removal of outliers and null values have ensured the
integrity and quality of our datasets. Furthermore, the application of quality rules defined
by experts in concrete production has improved the relevance and accuracy of our models.

In the modeling phase, feature engineering operations have allowed us to under-
stand the influence of various independent variables on the performance properties of
concrete. Using the mutual_info_regression method, we have identified linear and non-
linear relationships between the independent variables and the target variables, including
compressive strength, flexural strength, and slump of concrete. Our findings confirm that
in addition to cement, other components such as retarding and superplasticizing admix-
tures, supplementary cementitious materials, and water also significantly influence the
compressive and flexural strength of concrete. Furthermore, we have observed that the
concrete production plant and the source of aggregates can also significantly affect these
properties.

In order to compare our results with other articles, the R2 and root mean square error
(RMSE) measures were calculated. R2 is a statistical measure quantifying the model’s
ability to explain the variance in the target variable, representing its goodness-of-fit relative
to the total variance in the data. The RMSE is a statistical measure representing the square
root of the average of the squared errors between a model’s predictions and the actual
values. A R2 close to 1 indicates a good fit of the model to the data, while a low RMSE
indicates good accuracy in the model’s predictions.

Our predictive model for 28-days-compressive strength, trained with 19,294 data
instances, achieved R2 = 0.79 and RMSE = 5.1 MPa in a 10-fold-cross-validation. In the
study outlined in [27], where 1030 sets of concrete compressive strength were analyzed
using 5-fold-cross-validation, a R2 = 0.9 and a RMSE = 4.8 MPa were obtained. Our
predictive model, trained with a significantly larger dataset, achieved similar performance
in RMSE but lower in R2. However, we consider that the results of the other research are
not comparable to ours due to the number of input variables and samples used to train
and evaluate the models. Additionally, in the other research, the age of the concrete is
an input instance, a variable that may have small values, favoring the R2 measurement.
Theoretically, higher concrete age is expected to result in lower predictive capability.

Our predictive model for 28-day flexural strength, trained with 514 data instances,
yielded an R2 = 0.69, RMSE = 0.57 MPa, and MAE = 0.7 MPa in 10-fold-cross-validation.
Conversely, the study outlined in [31] reported an R2 = 0.96, RMSE = 1.8 MPa, and
MAE = 1.3 MPa in a 10-fold-cross-validation in the prediction of 28-days flexural strength
using 173 data points. In the other research, a higher R2 was achieved but with poorer
RMSE and MAE values using a smaller dataset.

Finally, the predictive slump model, trained with 19,536 data instances, achieved
R2 = 0.84 and RMSE = 11.3 mm during 10-fold-cross-validation. In the study outlined
in [35], modeling with a neural network on 103 data instances using a 70–30% train–test
split yielded an R2 of 0.95 and an RMSE of 2.781 cm (equivalent to 27.81 mm). We consider
that the results are not directly comparable due to significant differences in the quantity
of data. Nonetheless, our model achieved a lower RMSE compared to the neural network
model in the cited study.
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The models were deployed on a web platform, then were monitored on an indepen-
dent dataset. In the monitoring of the final models, prediction vs. actual value graphs
were created (Figures 7–9). The proximity of the points to the diagonal line in these graphs
indicates the accuracy and reliability of the predictions. Overall, a consistent distribution
along the diagonal was observed in the compressive and flexural strength graphs, sug-
gesting reliable predictions in these aspects. However, in the slump graph, although most
predictions aligned with the diagonal, considerable deviations were identified in a small
number of cases.

The R2 and RMSE metrics were also calculated during the monitoring phase. In this
phase the predictive model for compressive strength (Figure 7) obtained an R2 of 0.77 and
an RMSE of 5.0 MPa. This suggests that the model explains approximately 77% of the
variability in the compressive strength data, which is acceptable given the low values of
MAE = 4.36 MPa and MAPE = 11.41% in the cross-validation. During the monitoring
of the flexural model (Figure 8), we obtained an R2 of 0.73 and an RMSE of 0.55 MPa,
which indicates that approximately 73% of the variability in the dependent variable can be
explained by the prediction model. The low values of MAE = 0.7 MPa and MAPE = 14.05%
in the cross-validation enhance the reliability of the model. Finally, during the slump model
monitoring (Figure 9), we obtained an R2 of 0.91 and RMSE of 9.9 MPa. This suggests that
the model explains approximately 91% of the variability in slump data. The model’s quality
is also verified by the MAE = 11.7 mm and MAPE = 7.27% obtained in the cross-validation.
Given the strong performance of the slump prediction model, demonstrated by the high
values of R2 and low values of MAE and MAPE, the presence of 10 deviations in the
predictions (Figure 9) could be attributed to either uncommon values in the input variables
or atypical slump measurements, possibly influenced by factors not considered in the
model, such as meteorological conditions.

For future research directions, several areas can be considered to expand and improve
the scope and application of the developed predictive models. The incorporation of new
variables is proposed, where the inclusion of additional variables such as environmental
conditions, specific material characteristics, or production process details could enhance
the predictive capacity of the models and offer a more comprehensive understanding of the
factors influencing concrete properties. Additionally, the construction of an optimization
tool is proposed to determine the quantity of components necessary for a concrete mix to
achieve a desired strength or slump within specified constraints. In this regard, the use of a
heuristic algorithm that uses the flexural or compressive strength estimator presented in
this study as input is suggested.

5. Conclusions

In this study, predictive models were developed for concrete compressive strength,
flexural strength, and slump values using various supervised learning techniques. The
models were developed following the TDSP methodology. The following conclusions are
drawn:

• Various supervised learning models were trained and tested to estimate compressive
and flexural strength, as well as slump, revealing promising performance. Among
these models, the MLP demonstrated superior efficacy in a 10-fold-cross-validation.

• The MLP model achieved an MAE of 4.36 MPa and an MAPE of 11.41% for compres-
sive strength estimation, indicating its robust predictive power. The results are in line
with the established objectives of an MAE below 10 MPa.

• The MLP model for flexural strength prediction achieved an MAE of 0.7 MPa and an
MAPE of 14.05%. These results align with the established goal of achieving an MAE
less than 1.2 MPa.

• The MLP model for slump prediction achieved an MAE of 11.7 mm and an MAPE
of 7.27%. These findings are consistent with the target of achieving an MAE under
20 mm.
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• Our approach differed from conventional methods by utilizing GA, BO, and PSO for
hyperparameter tuning, with GA proving to be the most effective.

• Comparisons with other studies underscored our models’ competitive performance
despite the differences in dataset size and attributes. While our models achieved
comparable RMSE values, slight disparities in R2 values were noted, likely attributed
to dataset variations. Nonetheless, our predictive models for compressive strength,
flexural strength, and slump exhibited promising accuracy and reliability.

• Regarding the datasets constructed for this study, it is important to highlight that in
the observed studies, no comparable datasets were found with ours. Unlike our case,
it is common to find that studies conclude that they need larger datasets.

• Finally, our study stands out from other research endeavors by executing the deploy-
ment process within a real-world environment. In the deployment phase, a meticulous
process was executed to implement the predictive models in an operational environ-
ment.
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Abbreviations
The following abbreviations are used in this manuscript:

AP Artificial pozzolans
BO Bayesian optimization
CRISP-DM Cross-Industry Standard Process for Data Mining
C-S-H Calcium silicate hydrate
FA Fly ash
GA Genetic algorithm
GBoost Gradient boosting
GGBFS Ground granulated blast furnace slag
KNN K-nearest neighbors
MAE Mean absolute error
MAPE Mean absolute percentage error
MLP Multi-layer perceptron regressor
NP Natural pozzolans
PSO Particle swarm optimization
RF Random forest
RMX Ready mix
RT Regression trees
SaaS Software as a Service
SCMs Supplementary cementitious materials
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SF Silica fume
SVR Support vector regressor
TDSP The Team Data Science Process
XGBoost Extreme gradient boosting
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