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Abstract

The COVID-19 pandemic has significantly impacted the construction sector, which is highly
sensitive to economic cycles. In order to boost value and efficiency in this sector, the use of
innovative exploration technologies such as ultrasonic and Artificial Intelligence techniques in
building material research is becoming increasingly crucial. In this study, we developed two models
for predicting the Los Angeles (LA) and Micro Deval (MDE) coefficients, the two important geo-
technical tests used to determine the quality of carbonate rock aggregates. These coefficients
describe the resistance of aggregates to fragmentation and abrasion. The ultrasound velocity,
porosity, and density of the rocks were determined and used as inputs to develop prediction models
using multiple regressions and an artificial neural network. These models may be used to assess the
quality of rock aggregates at the exploration stage without the need for tedious laboratory analysis.

Keywords: Ultrasonic pulse velocity; Los Angeles (LA) coefficient; Micro Deval (MDE)
coefficient; Carbonates; Rock aggregates; Artificial Intelligence

1 Introduction

Over the past decade, there has been a significant increase in the development of new methods for
subsurface geological exploration, particularly in the exploration of sources of building materials
(Pell et al., 2021). The increasing global economic crises have amplified the need for new
exploration methods such as the ultrasonic method and the application of artificial intelligence in
the exploration of geo-resources, including building materials, particularly for developing countries.
The construction of smart cities, such as the over 300 projects in China and the more than 100
planned in India, require a significant amount of building materials, particularly for road
construction. Transportation is a fundamental function of a smart city (Toh et al., 2020).
Additionally, the population of the world's urban areas is increasing by 200,000 people per day,
seeking affordable housing as well as social, transportation, and utility infrastructure. This has led
to an increasing demand for sustainable construction materials globally (Marangu et al., 2017).

The traditional methods for construction materials prospecting seem inadequate compared to the
significant international demand for these materials. These techniques are labor-intensive, costly,
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and time-consuming. Therefore, finding more practical, faster, and less expensive prospecting
techniques is of great interest (Abdelhedi & Abbes, 2021). While the ultrasonic method has not yet
been well-developed for geomaterial applications, it is a very attractive tool. In recent years, several
authors have applied this method in the exploration of carbonate rocks (Abdelhedi et al., 2017), in
gold mine exploration (De Souza et al., 2022), and in mortar quality control (Abdelhedi et al, 2018).

Artificial intelligence (Al) is a set of computational algorithms used for clustering, predicting, and
classifying tasks (Ebid, 2020). Because Al has superhuman abilities, it has revolutionized all
spheres of technology and science (Jabbar, Jabbar & Kamoun, 2022; Moulahi et al., 2022). Al is
becoming more ubiquitous across several areas, including healthcare (Elleuch et al., 2021),
agriculture (Ayadi et al., 2020), sustainability (Jabbar et al., 2021; Abulibdeh, Zaidan & Jabbar,
2022; Zaidan et al., 2022) and transportation (Jabbar et al., 2018; Ben Said & Erradi, 2022).

In the field of geology, Al technology has attracted significant academic and industrial attention in
recent years. Al has been applied in geoscience for the determination of reservoir rock properties,
drilling optimization, and enhanced production facilities (Solanki et al., 2022). Furthermore, these
techniques have been used in carbonate rock exploration for the prediction of rocks and mortar UCS
(Uniaxial Compressive Strength) values (Abdelhedi et al., 2020). Additionally, Al has been applied
in mining and geological engineering, including rock mechanics, mining method selection, mining
equipment, drilling-blasting, slope stability, and environmental issues (Bui, Bui & Nguyen, 2021).

This study applied Al and ultrasonic methods to establish predictive models linking porosity,
density, and ultrasonic velocity to Los Angeles (LA) and Micro Deval (MDE) coefficients, with the
aim of increasing the exploration of high-quality carbonate aggregates used in road construction.

The remainder of this paper is organized as follows. Section 2 presents the methods and materials
used in this study. Section 3 discusses the computational results obtained from experiments. Finally,
in Section 4, conclusions are presented.

2 Methods and Materials

Seven samples were collected from carbonate formations and crushed into aggregates with particle
sizes ranging from 10mm to 14 mm.

2.1 Ultrasonic Velocity

The ultrasonic method involves exciting the structure of the material using a vibratory source, such
as a piezoelectric transducer, which converts electrical energy into mechanical energy and vice
versa. The use of transducers allows control over the shape and duration of the pulse, providing a
repetitive and energetic source. The measurements were carried out with direct contact, requiring
the use of a coupling material between the transducer and the sample to reduce the loss of the signal
(Abdelhedi et al., 2018).

2.2 Artificial Neural Network ANN

An artificial neural network (ANNS) is a type of Al algorithm used to solve complex non-linear
problems. ANNs are modeled after the structure of the human brain and are composed of
interconnected nodes, or "neurons,” that process and transmit information. ANNs have been applied
as a method of artificial intelligence in a variety of fields, including geo-materials applications.

In this study, we used an artificial neural network (ANN) with three layers: an input layer, an output
layer, and a hidden layer. The input layer is composed of three neurons, each representing a
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different variable (ultrasonic pulse velocity, density, and effective porosity) that is used as input
data for the ANN. The output layer is formed by a single output neuron, which produces the
predicted value of the LA or MDE coefficient based on the input data. The hidden layer is a single
layer that processes the input data and generates an intermediate output that is used by the output
layer to produce the final result.

The back-propagation neural network (BP-NN) (Wengang et al., 2019) used in this study is a
learning algorithm used to train the ANN. The BP-NN uses a technique called "back-propagation™
to adjust the weights of the connections between the neurons in the ANN based on the difference
between the predicted output and the actual output. The BP-NN adjusts the weights during a
number of iterations, called “epochs,” and uses a learning function called Levenberg-Marquardt
(TRAINLM) (Kipli et al., 2012) to determine the rate at which the weights are adjusted. By
iteratively adjusting the weights in this way, the BP-NN is able to "learn” from the input data and
improve the accuracy of its predictions over time.

2.3 Los Angeles Coefficient

The resistance to fragmentation of aggregates is an important characteristic that can affect the
performance of materials in various applications, such as road construction. To determine this property,
the Los Angeles (LA) coefficient is commonly used. The LA coefficient is measured according to
standards P18-572 (1990) (Amrani et al., 2019) using a test that involves subjecting the material to
standard ball shocks in a Los Angeles machine. The mass of the ball load used in the test varies based
on the granular class of the material. The resistance to fragmentation is calculated as:

LA = 100% (1)
Where M is the mass of the material being tested and m is the mass of the particles smaller than 1.6
mm produced during the test.

2.4 Micro-Deval Coefficient

The abrasion resistance of aggregates is an important property that can impact their performance in
various applications. To determine this characteristic, the micro-deval coefficient is commonly
used. This test, described in standards P18-573 (1990), measures the wear resistance of rocks under
both dry and wet conditions. The test involves subjecting the material to reciprocal friction in a
rotating cylinder under controlled conditions, using abrasive filler for tests on gravel between 10
and 14 mm. The micro-deval coefficient (MDE) in the presence of water is calculated as

MDE = 100% (2)
Where M is the mass of the material being tested and m is the mass of the particles smaller than 1.6

mm produced during the test. The wear resistance of the material is expressed by the quantity of
these particles

3 Results and Discussion

Artificial neural networks (ANNSs) have been shown to be effective models for predicting complex rock
properties in multiple studies (Kahraman et al., 2010; Madhubabu et al., 2016). Therefore, ANNs were
used to create two models that linked the physical parameters to the mechanical parameters of carbonate
rock aggregates, allowing for the estimation of their resistance to fragmentation and abrasion.
Ultrasound velocity, porosity, and density were first determined and analyzed, and then used to create
predictive models using Excel and ANN. The datasets were used for training, validation, and
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verification of the prediction efficiency of the models. The input parameters for the models were
ultrasonic velocity, porosity, and density, while the outputs were either the MDE or LA coefficient. The
MDE and LA coefficient values predicted by the models created using multiple regression are plotted
against the measured values in Figures 1 and 2, respectively.

We note that these two relationships exhibited significant correlations (R? > 0.8). However, the first
correlation shows a negative estimated value of MDE, which is not acceptable.

The models produced by the artificial neural network give two correlations between the predicted
MDE and LA coefficient values and the measured values (figures 3 and 4 respectively).
The plotted data for the output parameters for both models was close to Line 1, indicating a
favorable prediction. Models generated by ANN analysis were more accurate than models
generated by multiple regressions. Figure 1 shows that the multiple regression model produced a
false estimation of MDE (a negative value), demonstrating the ANN model’s superiority.

Abdelhedi et al. (2020) conducted a similar study in which they used ANNSs to predict uniaxial
compressive strength (UCS) in carbonate rocks. Tariq et al. (2017) used ultrasonic pulse velocity
and density to develop an ANN model with a correlation coefficient of R? = 0.84 to predict UCS
values in carbonate rocks.
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Fig. 1: Correlation between MDE values estimated by multiple regression and measured MDE
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Fig. 2: Correlation between LA values estimated by multiple regression and measured LA
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Fig. 3: Correlation between MDE values estimated by ANN and measured MDE
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Fig. 4: Correlation between LA values estimated by ANN and measured LA

4 Conclusion

The performance of construction materials, such as aggregates, can significantly affect the strength
and durability of structures. In order to evaluate the suitability of different aggregates for different
applications, it is important to measure their physical and mechanical properties. Two important
properties that are commonly tested for aggregates are their resistance to fragmentation and
abrasion. These properties can be evaluated using the Los Angeles (LA) and micro-deval (MDE)
tests, respectively.

In this study, a number of carbonate rock aggregates were subjected to the LA and MDE tests in
order to determine their resistance to fragmentation and abrasion. Multiple correlation methods
were then used to develop predictive models linking the physical parameters of porosity, density,
and ultrasonic velocity to the LA and MDE coefficients. These models can be used to predict the
resistance to fragmentation and abrasion in the exploration of new mining sites of aggregates based
on their physical properties.

The LA and MDE coefficients are particularly important for aggregates used in the construction of
roads and hydraulic concretes. By using this technique, it is possible to easily assess the potential of
new aggregate geo-resources for use in these applications.
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Despite some limitations, such as the small sample size, this research is an important step towards
improving our understanding of the behavior of aggregates and their suitability for use in
construction.
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