POLITECNICO DI TORINO
Repository ISTITUZIONALE

Digitalization of analysis of a concrete block layer using machine learning as a sustainable approach

Original

Digitalization of analysis of a concrete block layer using machine learning as a sustainable approach / Narimani, P.,
Dehghanpour Abyaneh, M., Mohammad Hosseinzadeh Golabchi, M., Golchin, B., Haque, R., Jamshidi, A.. - In:
SUSTAINABILITY. - ISSN 2071-1050. - ELETTRONICO. - 16:17(2024). [10.3390/su16177591]

Availability:
This version is available at: 11583/3009851 since: 2026-04-14T08:54:16Z

Publisher:
Multidisciplinary Digital Publishing Institute (MDPI)

Published
DOI:10.3390/su16177591

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

24 June 2026



<@ sustainability

Article

Digitalization of Analysis of a Concrete Block Layer Using
Machine Learning as a Sustainable Approach

Parviz Narimani 10, Mohsen Dehghanpour Abyaneh 209, Marzieh Golabchi 37, Babak Golchin 4,

Rezwanul Haque °

check for
updates

Citation: Narimani, P.; Abyaneh,
M.D.; Golabchi, M.; Golchin, B.;
Haque, R.; Jamshidi, A. Digitalization
of Analysis of a Concrete Block Layer
Using Machine Learning as a
Sustainable Approach. Sustainability
2024, 16, 7591. https://doi.org/
10.3390/5u16177591

Academic Editor: Syed Minhaj

Saleem Kazmi

Received: 21 July 2024
Revised: 22 August 2024
Accepted: 27 August 2024
Published: 2 September 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Ali Jamshidi %*

School of Mechanical Engineering, College of Engineering, University of Tehran, Tehran 7787131587, Iran;
parviz.narimani@alumni.ut.ac.ir

Department of Mechanical and Aerospace Engineering (DIMEAS), Politechnico Di Torino, 10129 Torino, Italy;
mohsen.dehghanpour@polito.it

Department of Energy (DENERG), Politechnico Di Torino, 10129 Torino, Italy; marzieh.mohammad@polito.it
4 Department of Civil Engineering, University of Mohaghegh Ardabili, Ardabil 5619911367, Iran;
b.golchin@uma.ac.ir

School of Science, Technology and Engineering, University of the Sunshine Coast,

Sippy Downs, QLD 4556, Australia; rhaque@usc.edu.au

*  Correspondence: ajamshidi@usc.edu.au

Abstract: The concrete block pavement (CBP) system has a surface layer consisting of concrete block
pavers and joint sand over a bedding sand layer. The non-homogeneous nature of the surface course
of CBP, along with different laying patterns and shapes of block pavers, makes the analysis of CBP
cumbersome. In this study, the surface course of CBP was modeled based on the slab action of
the block pavers and joint sand, which are connected together in full contact. Four different laying
patterns, including herringbone, stretcher, parquet, and square, were modeled using a finite element
model. The elastic moduli of the block pavers varied from 2500 MPa to 45,000 MPa, with thicknesses
ranging from 60 mm to 120 mm. As a result, modeling of CBP based on slab action can be considered a
realistic strategy. In addition, a dataset was created based on quantitative inputs, e.g., elastic modulus
and thickness of the block pavers, and qualitative input, i.e., block laying patterns. The approaches of
machine learning adopted were support vector regression, Gaussian process regression, single-layer
and deep artificial neural networks, and least squares boosting to implement prediction approach
based on input and output. The analyses of statistical accuracy of all five machine learning methods
showed high accuracy; however, the Gaussian process and deep artificial neural network methods
resulted in the most accurate outputs and are recommended for further studies. Based on the machine
learning models, digitalization is achieved through the development of simple, user-friendly software
for electronic devices in order to perform a preliminary analysis of different laying patterns of CBP.
Such a platform may result in less laboratory work and boosts the level of sustainability in concrete
block pavement technology.

Keywords: concrete block pavement (CBP); stress analysis; machine learning; artificial neural
network; digitalization; digital transformation

1. Introduction

Concrete block pavement (CBP) is a commonly used paving system in various trans-
portation infrastructures, from lightly trafficked residential streets to heavy-duty industrial
yards, such as ports, stacking container yards, and airports. A CBP system comprises a
surface course composed of block pavers 60-120 mm in thickness, laid on a 25-50-mm-thick
bedding sand layer resting on a granular, cement, or bituminous-treated base/subbase.
There is a 2-5-mm gap between the block pavers, filled with sand, which is called joint sand.
The joint sand transmits the stress/strain induced through traffic loading vertically and
horizontally. The mechanism of load bearing in CBP is fundamentally different from that
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in asphalt and concrete pavement. In other words, the mechanism on an asphalt surface is
based on the stiffness coming from bitumen aging and the interlocking between aggregate
particles, which is due to roller compaction after laying the mix and the compaction of
post-construction by vehicles. In concrete pavements, stiffness generally comes from a set
of chemical hydrations of cement with water in the curing period and the interlocking of
aggregate particles after vibrating and finishing the surface. Conversely, the mechanism
of load bearing in CBP is based on progressive interlocking, which is called lock-up, de-
pending on the block shape, block laying pattern, compaction by roller after block laying,
and post-compaction by vehicles. In addition, the direction of traffic has no effect on the
performance of asphalt and concrete pavement, while the interlocking of the laid pavers
should be perpendicular to the direction of the traffic to achieve the highest structural
efficiency in heavy-duty applications, such as in ports [1]. The interlocking achieved by the
interaction between the block pavers, joint sand, and bedding sand results in an equivalent
elastic modulus of 1500-5500 MPa, depending on the blocks’ shape and laying pattern [2].
For example, for design purposes, the initial equivalent elastic modulus of an 80 mm block
layer with a 25 mm bedding sand layer is assumed to be at least 2400 MPa, with a Poisson’s
ratio of 0.30, similar to asphalt [3]. In Sweden, the equivalent elastic modulus is 3000 MPa
for the block layer and bedding sand. The elastic modulus of the block layer increases due
to lock-up. For example, lock-up increases stiffness after passing a 10,000-15,000 equiva-
lent standard axle [2]. The equivalent elastic modulus of the block layer increases up to
6000 MPa throughout the entire lifespan of the pavement. The various concepts for the
structural design of CBP are as follows [4]:

e  Modified slab analysis [5]

e Layered elastic analysis [6]

e  Finite element analysis [7-9]

Based on these methodologies, software and modeling approaches have been commer-
cially developed (Table 1). Although these computer programs and software are useful for
the analysis and structural design of CBP as a composite pavement system, it is still impor-
tant to train engineers and pavement technologists, which is costly and time-consuming.

Table 1. The software packages used for the modeling, structural design, and analysis of CBP.

Software/Computer Package Methodology Country Reference
LOCKPAVE Linear elastic layer Australia [10]
DesignPave Linear elastic layer Australia [11]

BLKPAVE Linear elastic layer China [12]
REFEM Linear elastic and FEM Germany [13]
CERIB Linear elastic layer France [14]
BLP3D Linear elastic and FEM Japan [15]

NITT BLOCKPAVE FEM by means of PLAXIS India [16]

DELPAVE FEM and elastic linear Netherlands [17]

SAP 2000 FEM and elastic linear Sri Lanka [18]

ELMOD 6 Linear elastic layer UK [19]

GeoStudio Linear elastic and FEM UK [20]
ANSYS Linear and non-linear elastic and FEM Iran [8]

ABAQUS Linear elastic and FEM Iran [21]

ABAQUS Linear elastic and FEM China [22]

To create a user-friendly platform to provide preliminary outputs for initial engineer-
ing judgment, it is necessary to adopt more efficient methodologies in the digitalization
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of CBP design. These should be based on sophisticated analytical/mechanistic methods
and the principles of the human-machine interface. To feed such platforms, a massive
database is required, which should be updated regularly. Furthermore, it is critical that
these platforms be straightforward enough for all users with different practical and aca-
demic backgrounds and informatic skills. Moreover, the platforms need software that is
compatible with different operational systems (e.g., Windows and Macintosh) or different
commercial electronic devices available in the market under Android and iOS (e.g., tablet,
laptop, iPhone, iPad, etc.). To address this demand, a concept must be proposed for CBP
based on the digitalization of various elements using sophisticated approaches, such as
machine learning (ML). Figure 1 illustrates the concept of digital transformation designed
schematically. The significance of this research is highlighted when such platforms enable
pavement engineers and technicians to make in situ judgements without laboratory setups
containing different block thicknesses and laying patterns and requiring massive training
in a labor-, time-, and cost-effective manner. Another advantage of this method is that
most of the procedures and standard guidelines developed are ad hoc-based, which do
not consider all the parameters, such as block shape, block size, material properties, and
laying patterns. This research combines the modeling of CBP in various laying patterns and
material characteristics based on FEM to predict stress and deflection using ML methods,
which results in replacing the ad hoc approaches with methods with higher accuracy. In
addition, the digitalization using ML approaches paves the way to use advanced methods
in the analysis of CBP by pavement engineers and technologists.

CBP in different block laying pattern
and block thickness Pavement modeling by computer and development of
mechanistic precedures

Joint sand

Bedding sand Block paver

Engineering judgement on CBP Development of platforms based on ML suitable for
different electronic devices

Figure 1. The concept of digital transformation of CBP analysis for a preliminary analysis.

In the field of CBP technology, ML approaches can be used in predictive modeling
and maintenance optimization. Although the traditional regression models, such as linear
regression, are basic, they struggle to capture complex approaches and data with different
trends and non-linear relationships [23]. Recent studies have demonstrated the superi-
ority of ML models like support vector machine, Gaussian process, and random forest
(RF) in predicting pavement conditions, outperforming traditional methods by signifi-
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cant margins [24]. For instance, RF models have shown a higher accuracy in predicting
structural conditions of pavements by 4% [24]. Additionally, some studies have shown
that support vector regression (SVR) and artificial neural networks (ANNSs) are useful
approaches in predicting concrete compressive strength. Furthermore, the results showed
that the adoption of appropriate machine learning algorithms can improve the accuracy
of the predicting models by up to 93% [25]. Additionally, hybrid models like TransUNet,
which combines convolutional neural networks (CNNs) and vision transformers, were
effective in block and distress segmentation, showcasing the potential of deep learning in
pavement management [26]. It should be noted that the selection of an appropriate machine
learning model highly depends on the types (nature) of data. For example, parametric
data are especially appropriate for regression, while image data should be analyzed with
classification models [27]. Hybrid models are useful for more complex situations, which
are beyond the current scope of study. The use of ML approaches with digitalization can
result in a new generation of software and computer packages in CBP. The concept of
digitalization consists of four stages as follows:

Stage I: Data Collection

In this stage, the laboratory and/or field data of different laying patterns of CBP, block
shapes, thicknesses, joint width, base/subbase material, subgrade strength, and traffic
loading are collected and processed for simulation and modeling based on FEM and/or
elastic linear theory.

Stage II: Computer Simulation/Modeling

In this stage, all the structural components of the CBP system, which is shown in
Figure 1, are modeled using the data provided in stage I. The simulation/modeling can
be carried out through computer packages or software exclusively developed for CBPD, as
presented in Table 1. It should be noted that there is no universal model or procedures
for modeling CBP. The researchers and engineers can develop any procedures that are
consistent with the results of field investigation (ad hoc models), laboratory setups, and
previous mechanistic models.

Stage III: ML Models

This stage incorporates a new module into CBP technology. All models and modeling
methods can be collected in this module, and predicting models or methods of analysis can
be adopted by users. All the models can be run and show results through an application
or a user-friendly program installed on a smart phone, either under Android or iOS, on a
tablet, or on a personal desktop. In addition, it is feasible to update the database remotely,
as the software is cloud-based. In addition, it would be viable to provide data link facilities
by developers so that all users could update and/or share data of the new projects.

Stage IV: Engineering Judgement

The engineers, land developers, builders, CBP technologists, and traders are end users
and can benefit from this digitalization in the construction industry. It should be noted that
such digital platforms or soft infrastructure are just tools to facilitate engineering judgement
in a cost-effective manner. Engineering judgement still plays a critical role in the design
and construction of CBP.

It is worth mentioning that there are many technologies and procedures to pro-
duce environmentally friendly CBP, such as incorporating waste materials into block
and base/subbase of permeable block pavement as a multi-role infrastructure [28-33].
However, it is essential to develop soft infrastructure as a platform for further environ-
mentally friendly characteristics. Such digital infrastructure and computer simulation
can boost sustainability in the life cycle of infrastructure [34]. Additionally, it should be
noted that deep learning was used to develop algorithms for distress detection [26], and an
algorithm was proposed to improve the automatic palletization of concrete block pavers
on the site [35]. However, there is a lack of research on the use of ML in predicting stress
generated by structural loading.
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2. Materials and Methods
2.1. Modeling of the Block Layer

The surface layer of CBP is a non-homogenous layer consisting of rigid block pavers
connected to each other through joint sand [36]. The block layer is placed on bedding
sand lying on a granular or asphalt/cement-treated base, which is similar to the sublayers
used in traditional asphalt and concrete pavement (Figure 1). Therefore, the bottleneck of
CBP evaluation and analysis is the modeling of the non-homogenous layer in the surface
course. In this study, the block layer was modeled based on the slab action of the materials.
This means that every block paver is assumed to be a small concrete slab, which transfers
load through the width and length of the block. In other words, the slab action of each
block distributes/transfers stress and strain induced by traffic in the vertical, horizontal,
and torsional directions. In addition, the blocks are connected to each other through slabs
made up of sand at the same height as the block pavers. The stiffness of the joint sand is
less than that of the pavers. Therefore, block pavers with high stiffness (Slab A and Slab
C) are connected together through joint sand, which is modeled as another slab with low
stiffness (Slab B), as schematically shown in Figure 2. It is also assumed that the joint sand
material is standard, and the joint sand has the same height as the pavers have. Therefore,
the thickness of the pavers and joint sand are equal.

Figure 2. Schematic illustration of modeling CBP using the slab action of the materials.

The advantage of this model is that the vertical load-bearing capacity of the block
pavers and joint sand is included in the model, which is more realistic. In addition, the
vertical surface of the joint sand is in full contact with the surrounding block pavers,
which results in the full transmission of stress/strain to the adjacent blocks and then in
the modeling of vertical, horizontal, and torsional interlocking. Figure 3 schematically
shows a three-dimensional (3D) image of the CBP modeled based on the slab action of the
components in the surface layer. The surface layer consists of a prismatic section in which
the material characteristics change over the section from concrete to sand, and vice versa,
which results in the non-homogeneous nature of the CBP surface. Another advantage of this
modeling is that concrete block pavers and joint sand are assumed to be in full contact with
each other. It can be considered as a realistic assumption because the block layer, consisting
of the block pavers and joint filling material, is compacted in practice. A high degree of
compaction and full contact with the block with a high roughness in narrow spaces of the
joints (2-4 mm) make joint (filling) sand material a stiff and impervious medium, which
provides shear, rotational, and compressive strength. Therefore, assuming joint sand as
networks of slab would not be unrealistic. Furthermore, the total panel of CBP is a slab,
which is made of two different materials with an even thickness, i.e., the thickness of the
block pavers and joint sand are equal. As a result, the properties of the materials in terms of
elastic modulus are not the same, which results in modeling the non-homogeneous nature
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of CBP in any software adopted for modeling. Thus, the prismatic and non-homogeneous
section deforms under loading as shown in Figure 3. It may be misinterpreted from the
schematic in Figure 3 that the tensile stress is induced in the bottom of the joint sand. It
should be noted that such stress is not considered in joint sand materials because no binding
agent exists. Furthermore, the block layer is laid on the bedding sand layer overlaying the
base/subbase layers. The bedding sand layer is in full contact with the joint sand and the
block pavers.

=<

Figure 3. Schematic illustration of the slab action of the pavers and joint sand.

For finite element modeling, Slab Analysis Finite Element (SAFE) software was used.
To define the model, the coordination of each corner of the block paver and joints was de-
fined in the software. Panels of 2 m x 2 m in four different laying patterns with rectangular
blocks were developed, as shown in Figure 4.

l

(a) Herringbone

(b) Stretcher (c) Parquet (d) Square

Figure 4. Different block laying patterns adopted for modeling based on the slab action phenomenon.

2.2. Model Parameters
2.2.1. Inputs

The inputs of the models were the block thicknesses and the elastic modulus of the
block and joint sand. Joint sand has the same thickness as concrete block pavers. Table 2
shows the inputs for all the elements. The materials of each slab (i.e., concrete block
paver and joint sand) were assigned. Based on the literature, different elastic moduli for
concrete block pavers can be adopted, which ranges from 2500 MPa to 45,000 with different
thicknesses. To cover all the elastic modulus values, ranging from 2500 MPa to 45,000 MPa,
with different thicknesses, were adopted. It is assumed that the standard bedding/joint
filling material, i.e., standard size gradation with elastic moduli, was used. The elastic
modulus of the subgrade material underlying the base is a rough estimation based on CBR,
which is a popular equation in pavement design codes.
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Table 2. Model parameters used in computer simulation.
Element Elastic Modulus (MPa) Thickness (mm) Poisson’s Ratio
Concrete block paver 2500-45,000 60-120 0.30
Joint sand 350 60-120 0.35
Base layer 225 225 0.35
Subgrade 10 x CBR - 0.35

2.2.2. Loading

The loading is a single axle load of 8.2 ton at the pavement center. This load was
modeled by a 41 kN single wheel load and uniformly distributed over a 270 mm square
area, resulting in a 600 kPa contact pressure.

2.2.3. Outputs

The outputs of the model include the stress and deflection beneath the block layer on
the base layer of the four different block laying patterns.

2.2.4. Datasets

Given the different laying patterns, 85 elastic moduli, ranging from 2500 MPa to
45,000 MPa at increments of 500 MPa, and four thicknesses, i.e., 60 mm to 120 mm at incre-
ments of 20 mm, the total number of input datapoints results in 1360 (4 laying patterns x
4 thicknesses x 85 elastic moduli). Each input has two outputs, stress and deflection under
the block layer, which results in 2720 output datapoints. Therefore, the ML models were
developed based on 1360 inputs and 2720 outputs.

2.3. ML Algorithm

Data science has rapidly developed and become widely used in pavement engineering
analysis, such as pavement performance evaluation, performance prediction, distress
recognition, and automatic driving [37—40]. ML methods have shown strong and excellent
predictive abilities in this field [41]. The following section introduces three standard ML
algorithms that are suitable for the current database structure: regression algorithms based
on support vector regression (SVR), Gaussian process regression (GPR), and artificial neural
network (ANN). More details are provided below:

2.3.1. SVR

Support vector machines are well-known supervised learning models for solving
classification problems [42,43]. SVR aims to simultaneously minimize the empirical risk
and maximize the generalization capability of the model [44]. However, this technique is
not suitable for regression. To address regression problems, the supported vector regres-
sion introduces the concept of an epsilon-insensitive zone. In this method, a margin is
defined to control the deviation of the predicted points. The SVR method generally uses a
linear function with weights and bias and is trained using nonlinear kernel functions and
optimized by standard loss functions developed in various algorithms [45].

2.3.2. GPR

Gaussian process models are non-parametric extensions of linear regression that
use Bayesian inference to make probabilistic predictions [46]. The GPR model is a lazy
learner, which means that it does not generalize the training data until it receives a query.
This differs from other learning algorithms that generalize training data in advance. The
GPR model employs a kernel function to measure the similarity between two points
and to estimate the value of a new point based on the training data [47]. Furthermore,
because Bayesian inference is probabilistic, each prediction has a normal distribution
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and a confidence level. These features make GPR suitable for modeling highly nonlinear
functions [46].

2.3.3. Single-Layer ANN and Deep ANN

ANN is a popular ML technique that has been applied to various civil engineering
problems. It simulates the structure and function of biological neurons in the human
brain, which can communicate and process information to form complex concepts and
ideas [48,49]. Building a neural network involves three steps: (1) selecting a suitable
architecture for the network; (2) training the network with sufficient data; and (3) testing
the network with different datasets to evaluate its accuracy. The network consists of
weighted connections that indicate the strength of the information flow between the nodes.
The weights are adjusted during the training phase to minimize the error between the
output and the target values. A single-layer artificial neural network (SANN) consists of
one hidden layer, which is suitable for simple and linear problems, while a deep ANN
(DANN) has multiple hidden layers and is generally used for complex patterns, modeling,
and relationships [50-52]. The network undergoes three phases: training, validation, and
testing. The training phase aims to optimize the error function. The validation phase uses
the network to construct the model independently from the training phase. The testing
phase assesses the performance of the network on unseen data [53].

2.3.4. LSBoost

The least squares boosting method (LSBoost) is an advanced ensemble learning tech-
nique used for the development of predictive modeling. It works by sequentially adding
weak learners (typically decision trees) to form a strong predictive model. Each new learner
is trained to correct the errors made by the previous ones, minimizing the least squares
error. This iterative process enhances the model’s accuracy and robustness [54]. The LS-
Boost model involves preparing and pre-processing the data. It should be noted that the
LSBoost method starts with a base learner (usually a decision tree) and trains the model
iteratively by fitting the base learner to the residuals of the previous model to minimize the
least squares error. The model is updated through adding new learners to the ensemble,
adjusting weights to correct errors, and then is evaluated using metrics like mean squared
error. Fine-tuning the model parameters enhances accuracy and robustness [55]. LSBoost is
beneficial for predicting material properties, structural health monitoring, and optimizing
construction processes.

2.3.5. Accuracy Metrics

Evaluating metrics is necessary to assess how well an ML regression analysis predic-
tion model performs. Metrics are logical and mathematical constructs that measure how
close the predicted outcome is to the actual result [56]. Some of the most commonly used
statistics metrics in research are root mean squared error (RMSE), mean absolute percentage
error (MAE), mean absolute percentage error (MAPE), and coefficient of determination
(R?) [57]. The RMSE (Equation (1)) measures the dispersion of the residuals and indicates
how much the data fits the model. The lower the RMSE value, the better the model. The
MAE measures the accuracy of continuous variables without considering the error direction
(Equation (2)). Therefore, the MAE is always lower than the RMSE. The MAE also measures
the mean error, while the mean percentage error is indicated by MAPE (Equation (3)),
which is a metric to evaluate total system error and mean accuracy. The coefficient of
determination (R?) can be interpreted as the proportion of the variance in the dependent
variable that is explained by the independent variable [58]. It can range from —oo to 1; the
higher the value, the better (Equation (4)). A recent study [58] has shown that the coefficient
of determination (R?) is more relevant than the other statistical indicators, such as RMSE,
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MAE, and MAPE, and that it is better to incorporate it with standard metrics to obtain
more realistic judgments.

10
RMSE = \/nZ(Ypre - Yact)z (1)

1

1 n
MAE = EZ’Ypre - Yact’ (2)

1

o 12 |Ypre_Yuct|

MAPE = ;Zﬁ x 100 3)

1
" = \2

- 21 (Ypre - Ypre)
— 2

Z? (Yact - Yuct)
where Y, is the actual value of the output result from the dataset, Ym is the predicted

value from any machine learning algorithm, Y 4ct is the mean value of the actual output,
and Yy is the mean value of the predicted output.

R>=1

(4)

2.3.6. Taylor Diagram

A Taylor diagram provides a graphical method to assess the accuracy of various
ap-proximate models or the representations of a system, process, or phenomenon. A Taylor
diagram incorporates three key statistical measures into a single, straightforward visual
format [59]: the centered root mean square difference (CRMSD), the Pearson correlation
coefficient, and standard deviations. By doing so, Taylor diagrams facilitate the comparison
of different models’ relative strengths or the evaluation of changes in a model’s performance
over time. The CRMSD metric within a Taylor diagram signifies the model’s prediction
error [56]. It should be noted that all the data presented are from optimized models of the
ML approaches. The optimization was carried out using the Bayesian approach and by
pre-processing the dataset, such as input normalization, which is automatically handled
during each method’s implementation.

2.4. Analysis of Sustainability

One of the advantages of digitalization and the use of ML is sustainability. The rate of
sustainability can be measured through different approaches, depending on the criteria
targeted in the analysis. It is cumbersome to consider all the details in analysis because
the energy consumption and global potential warming, in terms of greenhouse gas (GHG)
emissions and other contaminants, cannot be readily measured. Additionally, the raw
material processing, construction technology, construction method, and recycling tech-
nology (if it exists) can be significantly different in paving projects. There are computer
packages, such as SIMAPRO [60-62], Gabi Professional Software [63], PALATE [64], Dubo-
Calc [65], ECORCE [66], VITI/UC [65], and BEES [67], that analyze the sustainability of
different types of pavements based on various parameters and methodologies. It should be
noted that the outputs from these computer packages might be inconsistent. However, the
resultant trends can be comparable.

In this study, sustainability is analyzed through the evaluation of energy requirements
and GHG emissions in raw material processing and block paver production for 2m x 2 m
laboratory setups that were modeled based on slab action. Concrete block paver production
consists of eight stages as follows:

e  Raw material processing (mining aggregate particles, cement production, water pro-
duction/processing)
Mixing the materials
Pouring the mixtures in the molds
Compressing the mixture
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Vibrating the mixture

Shadow /sun drying/curing, depending on the construction method and technology
Finishing

Packaging

The mass of concrete for block paver manufacturing in different block laying patterns
and the mass of joint sand /bedding sand used in the laboratory models were estimated.
Then, energy requirements and GHG emissions were calculated based on the mass of raw
materials. The energy requirements for raw material processing and other stages are shown
in Table 3. It should be noted that finishing and packaging are out of the scope of this study.
The base layer and the compacting energy after laying the blocks are not considered in the
analysis of sustainability because these are identical for all the block laying patterns.

Table 3. Energy requirements for raw material processing and construction.

CBP Element Stage Material Energy Unit Reference
Raw material Aggregate 53 M]J/ton [68]
Cement 6.36 GJ/ton [69]
Water 0.473 kwh/m3 [70]
Block paver Sand 53 M]/ton [68]
Mixing 4.10 MJ/m3 [71]
nd vibrating 206 My/m® (7]
Curing 112 MJ/m?3 [71]
J oint/bec.lding Raw material Sand 53 M]/ton [68]
material

It is assumed that the industrial fuel is natural gas (NG), and the conversion factor
of 1 cubic meter of NG is 38.62 MJ [72]. The calculated GHGs were CO,, CHy, and NOx
with conversion factors of 2.023 kgCO; /unit, 0.003 kgCO, /unit, and 0.0012 kgCO, /unit,
respectively [73]. The steps for calculating energy requirements and GHG emissions are
presented in the flowchart in Figure 5.

It was also assumed that the stages listed below were carried out manually. Therefore,
no energy requirement and GHG emissions were calculated:

e Spreading and leveling the bedding sand layer

e Placing different block pavers in each of the laying patterns
e  Spreading joint filling sand and brooming into the joints

e  Compaction of the block layer by tamper

The mix design ratio of the block pavers was 1 (cement):2 (sand):4 (chip stone), and
the water to cement ratio is 0.65, based on the data provided by local manufacturers.
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Step 1: Calculation of raw material
requirments of 2 m x 2 m concrete block layer

for different laying patterns and thicknesses

(Note: Block sizes are in Section 2.1).

L

Step 2: Energy analysis in the raw material

phase for each laying pattern
e Mining/extraction of aggregate
particles and sand.
e Cement production.

e  Water production.

> 2

Step 3: Energy analysis in block paver

production
e Mining.
e Vibrating.

2

Step 4: Calculation of total energy

L

Step 5: Conversion of the total energy

requirement

requirement to NG

4

Step 6: Conversion of the total NG into
GHGs

Figure 5. Flowchart of analysis of sustainability (note: the block sizes are in the Section 2.1).

2.5. Digitalization

The digitalization process includes two distinct parts, which are called front-end
and back-end. The front-end is a user interface (UI) that interacts with the user and
includes a graphical application with text boxes, images, and buttons to provide easy of
access for functioning. The second part is the back-end, which is the core of the program
and comprises all the appropriate ML models modified during the current investigation.
Within the program core, there is a dataset that provides the learning schema in each
calculation process. The interface, or front-end, was programmed with MATLAB® (version
2024a) GUI Builder, which is a distinct application within the MATLAB® environment.
The back-end was also programmed with the MATLAB® programming language, and
the connection between the two (front-end and back-end) was facilitated through inside
handles. Additionally, graphical design was provided using free online graphic tools like
Canva®, Sydney, Australia, to create a better interface.

2.6. Structure of Study

This study is a multi-disciplinary research project that consists of four fields, as shown
in Figure 6. In other words, this paper is the interface between pavement modelling,
digitalization, sustainability, and machine learning. It should be noted that the future
of pavement analysis and design may integrate data science and information technology.
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Therefore, it is necessary to consider information technology as a new approach to maximize
sustainability in pavement engineering.

Pavement modelling

This research

Digitalisation Machine learning

Figure 6. The fields covered in the study.

To carry out the research, the current study consisted of four distinct parts, which are
illustrated in Figure 7. The first part (data preprocessing) involves reading data, converting
qualitative inputs to quantitative (block laying pattern), and splitting the data into training
and testing groups. The second and third parts include the development of the ML model,
optimization algorithm, and analysis. The digitalization of ML models is executed in
Sections 2 and 3. The last part is the analysis of sustainability.

It should be noted that ML approaches are merely tools adopted to train models based
on the data from paving systems modeled through SAFE. In other words, the outputs of
the structural models of the CBP based on slab action are trained using ML approaches and
are considered as models that can be used for digitalization.

4 N N N )

- Implementing ML Sustainability Analysis
N—" ANOVA Analysis models
Pure Dataset ,I; ,| ¢
- - Raw materials
i Training Testing requirements
Dataset Dataset ¢
Reading Features Development ML X
Models Energy analysis for

materials requirements

] ;
SANN

Concatenate qualitive | DANN | Accuracy analysis | Total Energy Calculation |
data to quantitative
¢ LSBoost
Split data to two Energy to NG and GHGs
different portion —— o——
| | ML hyperparameters
optimization il

Training Testing Results deployments Results deployments
Dataset Dataset and comparison and comparison

\_ RN J J J

Figure 7. The study procedure schema.
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3. Results and Discussion
3.1. Verification

The output of the CBP model, which is based on the slab action of a block layer and
joint sand, was compared with a laboratory model tested by Shackel [74]. The contact stress
was 600 KPa in the setup, which is the same stress used in the model. The block sizes in the
setup were 200 mm X 100 mm x 80 mm. For validation of the model, the same block sizes
were used. Table 4 shows the material properties used in the laboratory.

Table 4. Model parameters used in the laboratory [74].

Element Elastic Modulus (MPa) Poisson’s Ratio
Concrete block paver 2500 0.30
Joint sand 350 0.35
Base layer 225 0.35
Subgrade 225 0.35

The same material properties were used in the model developed by SAFE. The outputs
of the model were compared with another FEM developed through ANSYS by Nejad [8] as
a case study (Figure 8). It should be noted that the stresses are the maximum stress induced
under the center of loading plate beneath the block layer.

As shown in Figure 8, the results are comparable, specifically for the block layer. The
block layer decreases the contact stress to 300 MPa, which is half of the load induced,
consistent with the stress generated in Shackel’s laboratory testing [38]. It is also consistent
with Eisenman and Leykauf’s outputs, showing that the surface layer decreases the load
by approximately 50% [75]. However, there was no data for other elastic moduli for
comparison. The reason is that it is labor intensive and costly to produce laboratory
setups with block pavers with 2500-45,000 MPa, as mix design and aggregate gradation
of blocks are required to be changed to achieve the target elastic moduli. Such a setup
would also require 85 tests with increments of 500 MPa. Therefore, this study focused
only on the block layer. Figures 9-13 show the effects of the laying pattern block and
block shape in terms of the stress and deflection generated under the block layer. It is
clear from Figures 9-13 that in every approach, both deflection and stress decreased as
thickness increased, which is consisted with field and laboratory data reported by Sun [12].
Additionally, in all methods, the lowest stress and deflection generated under the block
layer are in a herringbone laying pattern. Based on the slab action model and ML methods
presented in Figures 9-13, the herringbone laying pattern performs better than other
methods due to better interlocking, which is consistent with the literature [1,2,18,76-79].
The slab action methodology adopted in the modeling of CBP can simulate torsional,
vertical, and horizontal interlocking. Figures 9-13 also show that the worst laying pattern in
terms of stress/deflection is the parquet pattern because of the highest stress and deflection
generated beneath the block layer. Although the area of the square block (Figure 10a) is the
same as that of rectangular block pavers, it performs better than the parquet model. For
example, the stress created under the 100 mm block layer of a parquet model using GPR is
303 KPa, while the corresponding values for the parquet and stretcher laying patterns are
around 310 KPa, which is almost 3% higher than that of the square pattern for one cycle
of loading. A similar trend can be seen in all the block laying patterns and different ML
methods used in this study. There are millions of repetitions of traffic loading in reality.
Moreover, the stress/deflection under the block layer decreases as the thickness of the
block pavers increases, which is consistent with the trend found in the laboratory data
reported by Panda and Ghosh [80] and Lin et al. [81]. Therefore, the load-transferring and
load-bearing capacities of CBP can be improved as the thickness increases.
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3.2. ANOVA

To investigate the effects of different parameters on the overall results (in this case,
stress), an ANOVA was performed using a nonlinear regression analysis (Table 5). In the
first stage, the qualitative parameters (block laying pattern) were converted into quantita-
tive parameters. There were four different block laying patterns, and each was assigned a
natural number between 1 and 4 to indicate the types of concrete block pavement. Table 5
shows the results of the stress test and the corresponding ANOVA.

Table 5. Final results of the ANOVA implementation on the current dataset.

Parameter Sum sq df Mean sq F p-Value Description *
Laying pattern 126,885 3 42,295 307 2.6 x 107° <5% Significant
Thickness 524,823 3 1,806,941 13,119 58 x 1073 <5% Significant
E 2,761,950 85 32,496 236 7 x 1078 < 5% Significant
Error 176,851 1284 137 - -
Total 8,486,511 1375 - - -

* Less than 5% means statistically significant factor.

Table 5 also shows that all the input parameters, including laying pattern, thickness,
and elastic modulus of concrete block pavers, have a significant and sensitive effect on the
final stress and deflection as the outputs. This means that all the input parameters play
a significant role simultaneously. This means that the parameters without a significant
role may result in noise in the model, which may decrease the accuracy and predictivity
of the model. However, the dynamics governing stress are very complex, and analytical
approaches and mathematical models may not capture all aspects of stress, especially when
a new parameter, such as block type, is involved in the study. Therefore, the ANOVA test
alone cannot reveal the dependence of all the parameters and may require more complex
investigations, such as advanced mathematical and ML approaches. The practical approach
shows that the surface stress is sensitive to the parameters confirmed by ANOVA, but it
does not provide enough correlation about the effects of all parameters on the final results.
Thus, in this study, all the parameters were chosen for training the model in ML.

3.3. ML

To apply the three different ML algorithms, the dataset was split into two groups. The
first group, which had a large amount of data, was used for training. The second group,
which had a small amount of data, was used for validating the algorithms. The validation
group had the following properties: (1) block laying patterns, (2) thickness of 60-120 mm,
and (3) elastic modulus of 2500-45,000 MPa. The training and testing data had different
statistical variety to ensure that the data-splitting procedure worked well and that the data
had an appropriate distribution (Table 6).

Table 6. The statistical description of input and output for training and testing datasets.

Min Max Average
Variable Name : . .
Train Test Train Test Train Test
Input Block Type 1 1 4 4 2.5 2.6
Thickness (mm) 60 60 120 80 90.36 74.67
Modulus of Elasticity (MPa) 2500 2500 45,000 41,000 23,815.48 22,216.67
Output Stress 0.0664 216.33 500.04 368.55 213.12 261.07

Each ML model uses hyperparameters in the main process to determine the final
results. Tuning the best hyperparameters can improve the performance of ML models
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in the training process. This study optimized the hyperparameters using the Bayesian
optimization method, which was implemented using the standard rules of MATLAB®
software. The final results are presented in Table 6. In this study, the selection of the next set
of hyperparameters was guided by analyzing the posterior function. The function combines
a prior distribution (in this specific case, performance metrics of five-fold cross-validation)
with known sample data (performance metrics derived from hyperparameters generated at
random). By maximizing this posterior information, this study systematically determined
the subsequent combination of hyperparameters. This iterative process continued until a
predefined criterion was met, and the optimal solution was determined based on the accu-
mulated data of solution samples. Consequently, the hyperparameters for each machine
learning model in the study were fine-tuned using Bayesian optimization [82].

Before training any ML algorithm, the optimal hyperparameters were determined
using standard Bayesian optimization with five-fold cross-validation. However, each model
had many hyperparameters, so tuning all the models would be a time-consuming process.
Therefore, this study only optimized several critical hyperparameters, and the remaining
hyperparameters were the default values from the MATLAB® software package (Table 7).
For the SVR model, the regularization parameter (C), epsilon, and type of kernel function
were optimized. The C parameter calculated the degree of penalty for the data points
that did not lie within the region. The epsilon parameter allowed an indifference margin
around the regression in which a deviation was not counted as an error. The type of kernel
function generally controlled the flexibility of the fitting function. For the GPR model,
the sigma parameter of the squared exponential kernel and the type of kernel covariance
function were optimized. The kernel covariance function could be chosen from a variety of
options: rational quadratic (RQ), squared exponential (SE), Matern kernel with parameter
5/2 (M52), and exponential (Exp). These options defined the flexibility of the model to
better fit the input data. For the SANN and DANN models, the number of hidden layers,
the total number of neurons in each hidden layer, learning rate, and activation function
were optimized. The main difference between the single layer and the deep model ANN is
the number of hidden layers. This means that the single layer model has one option, while
the deep model has more options in the number of layers. Therefore, the deep layer ANN
model may perform better in more complex problems. The number of neurons in each layer
is another pivotal factor that can improve the efficiency of the model. Although increasing
the number of hidden layers and neurons in each layer may enhance the performance
of the ANN models, it may contribute to overfitting. Additionally, the learning rate is
another essential factor that influences the speed of the learning algorithm to achieve the
appropriate weights. In the LSBoost model, the number of learning cycles determines
the number of iterations. This means that the more cycles undertaken, the more accurate
outcomes from the model, even though there is still a high risk of overfitting. The learning
rate influences the contribution of each tree to the final model. A slower learning rate
requires more learning cycles, and the maximum split determines the maximum number of
splits (or nodes) in each regression tree. More splits can capture more complex patterns but
may also increase the potential for overfitting.
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Table 7. Hyperparameters’ search spaces and their optimal values as determined by Bayesian

optimization.
ML Models Hyperparameters Search Space Optimal Values
C (0.1, 1000) 84.53
SVR Epsilon (0.01, 10) 8.5
Kernel function polynomial, Gaussian polynomial
GPR Sigma (0.01, 10) 4.3
Kernel function RQ, SE, M52, Exp. RQ
Hidden layers 1 1
Neurons in each layer (5,20) 10
SANN Learning rate 0.01, 1) 0.1
Activation function Relu, Sigmoid, tanh Relu
Hidden layers (2,20) 3
Neurons in each layer (5,20) [5,5, 5]
DANN Learning rate (0.01,1) 0.1
Activation function Relu, Sigmoid, tanh Relu
Number of Learning Cycles (2,200) 100
LSBoost Maximum Number of Splits (1, 100) 50
Learning Rate 0,1) 0.1

After performing 1000 iterations for each hyperparameter and comparing the R? values
as a validation criterion, each model was trained on 1344 datapoints. The training results
and their correlations are illustrated in Figures 14-18 for SVR, GPR, SANN, DANN, and
LSBoost, respectively. The accuracy metrics, including R? for each model, were calculated
and showed that all five models had acceptable R? values above 0.90, indicating that these
models, with the current hyperparameter selection, were suitable for testing new data.
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Figure 14. The final training results (SVR).
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Figure 15. The final training results (GPR).
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Figure 16. The final training results (SANN).
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Figure 17. The final training results (DANN).
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Real Stress vs. Predicted Stress
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Figure 18. The final training results (LSBoost).

The R? parameter is one of the metrics for measuring the stability of the trained
algorithm. The R? for the SVR model reached 0.98, while the GPR model showed better
stability with an R? of around 0.99. Both SANN and DANN also provided R? values of
around 0.99, indicating that the problem’s complexity was not very high for ANN. On the
other hand, the LSBoost method, with an R? of 0.88, did not perform as well compared to
the other solutions, as shown in Figure 18.

After validating the acceptable hyperparameters for each model and training the
models with the provided dataset, the trained models were applied to the testing data.
The predicted results were then compared one by one with the actual measurements from
outputs of the slab action models in the software.

To validate the prediction models, each model was used on a test dataset in the second
phase. The test dataset consisted of 32 datapoints that were separate from the main dataset.
It included four different concrete block laying patterns with varying thicknesses and elastic
moduli. Figures 19-23 show the final results of applying each algorithm (SVR, GPR, SANN,
DANN, and LSBoost) to the test dataset.
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Figure 19. The final results for test data—SVR Method.
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Figure 20. The final results for test data—GPR Method.
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Figure 22. The final results for test data—DANN Method.
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The data illustration presents two different models: Figure 19a shows the real and pre-
dicted data for a visual comparison of the prediction accuracy, while Figure 19b shows the
correlation between the predicted and real data. These metrics provide a clear visualization
of the data distribution and accuracy in the test data process.
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Figure 23. The final results for test data—LSBoost Method.

3.4. Accuracy of the Models

The model accuracy metrics for each algorithm are shown in Table 8. It should be noted
that these accuracy metrics can be used as indications of the fitness of the models/method
and accuracy of the outputs compared with the results yielded from the computer model(s),
refer to Figure 4, developed based on the slab action of block pavers and their interactions
with joint sand. Obviously, a higher R? means that the outputs of the ML models are
closer to the outputs of the computer models developed based on slab action and FEM.
Moreover, RMSE, MSE, and MAPE indicate errors of the models in different ways. It is
clear that lower errors in terms of RMSE, MSE, and MAPE mean a more accurate model
or less noise. Since the hidden layers and concepts of the ML approaches adopted in this
research are different, it is reasonable to obtain different errors using the same inputs.
Additionally, different accuracy metrics can be adopted based on the nature of data and
research. Therefore, various errors, e.g., RMSE, MSE, and MAPE, were calculated in this
research to provide better insight to the models compared with those that will be developed
in the future. Due to the brevity of the paper, only MAPE, which is more popular in the
analysis of the accuracy of ML models, is discussed herein. The trends of other errors can
be similar, depending on the interpretation of the outputs of ML approaches.

Table 8. Prediction performance in terms of stress for different machine learning models on the

training and testing datasets.

Accuracy

Data Set Metrics SVR GPR SANN DANN LSBoost
Train R? 0.98 0.99 0.97 0.99 0.88
R? 0.82 0.80 0.81 0.88 0.81
Test RMSE 18.37 19.53 19.26 19.44 19.52
MAE 8.50 6.02 6.48 6.38 8.19
MAPE 2.85 1.88 2.13 2.05 2.72
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All training models except LSBoost have R? values higher than 0.97, while the LSBoost
model has an R? value of 0.88 for predicting stress; however, all the algorithms indicate that
they are suitable for application to test the dataset. In the testing dataset, all five models
achieved R? values above 0.8, which demonstrates that they can produce reasonable results
on new input data. The DANN and GPR models outperformed the others in terms of R?
and MAPE. The DANN model has the best R? of about 0.88, while the GPR model has
the lowest MAPE of around 1.8%, which indicates that the model has the lowest absolute
mean error. Thus, it shows better performance compared to the other models. The SANN
and SVR models are in the middle of the range between the best models and LSBoost.
The SVR model also provided acceptable results for R?, around 0.82, and MAPE, about
2.85%, while the SANN model has an R? of 0.81 and an MAPE of 2.13%. Although the
LSBoost model has an inferior result for R? in the training process, it provided an R? of

about 0.81 and an MAPE of 2.72% in the testing process. However, it should be noted that
the lowest performance in the training process could not lead to a robust solution in the
testing procedure.

Figure 24 shows a Taylor diagram that compares the performance of various ML
models using three key metrics: standard deviation, Pearson correlation, and centered
RMSD. These metrics measure the pattern similarity between the predictions of each ML
model and the actual observations. An ML model that performs well will demonstrate a
high correlation and a low RMSD, while its standard deviation closely matches the actual
observations. Therefore, such a model will be positioned closer to the observation point on

the diagram, indicating higher accuracy.
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As illustrated in the Taylor diagram, the DANN and the GPR models perform the best
among the algorithms for future investigations. The SVR model also provided reasonable
results, making it difficult to omit in any implementation.

Table 9 shows the average accuracy of stress prediction for each algorithm and each
type of concrete block pavement compared with the observed data from the test dataset.
Although the models for each laying pattern achieved an accuracy above 92%, the GPR
and DANN models exhibited slightly better performance in all laying patterns, which
can be used as a basis for further studies. In addition, it can be seen that the LSBoost
approach showed the lowest accuracy compared with the other approaches, indicating
a lower potential for predicting stress, which may depend on the trend of the data, the
method of screening, and the data analysis by LSBoost. It should be noted that more data
and input variables could result in better training and improved accuracy for LSBoost.
Therefore, it is recommended for further research in the future.

Table 9. Prediction performance of different machine learning models on training and testing datasets.

Data Set SVR GPR SANN DANN LSBoost
Herringbone 97.9 99.0 98.9 99.2 97.7
Stretcher 99.2 99.4 99.5 98.7 99.1
Parquet 98.9 99.7 97.9 99.7 98.5
Square 92.6 94.4 93.7 94.2 93.9

3.5. Sensitivity Analysis

Figures 25 and 26 illustrate the results of the sensitivity analysis. It should be noted
that the effect of block thickness on stress in different block laying patterns was discussed in
Figures 9-13; therefore, the effect of block thickness is not shown here. Figure 26 illustrates
the effect of changes in laying patterns and elastic modulus (5000, 25,000, and 45,000 MPa)
of 100 mm-thick concrete block pavers. The figure clearly shows that the stress under
the block layer decreases as elastic moduli increase, which is the same trend observed in
all the trends that were tracked correctly identified by all ML methods. However, there
is a difference in the outputs of LSboost compared with other models. Lastly, Figure 26
examines the impact of block paving type at two different moduli of elasticity (2500 and
45,000 MPa, the minimum and maximum values in the current dataset, respectively) under
a 100 mm-thick CBP. It can be seen that the herringbone laying pattern showed lower stress
than other types for both moduli of elasticity, and this trend is correctly tracked by ML
methods and the literature. In other words, the block laying patterns modeled based on the
slab action phenomenon in FEM showed a trend using ML methods that is consistent with
the real performance of CBP.

A noteworthy finding from Figures 25 and 26 is the notable consistency observed
between the predicted values produced by the ML models. In other words, this harmonious
alignment in stress prediction, achieved through the SVR, GPR, SANN, and DANN models,
highlights the models’ robustness, precision, and dependability in reflecting real-world
scenarios within the specified range.
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Figure 25. Analysis of the results of input parameters on the stress under different moduli of elasticity
for the proposed ML models.
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Figure 26. Analysis of the results of input parameters on each block paving pattern under two
different moduli of elasticity.

3.6. Analysis of Sustainability

The calculated GHG emission, in terms of CO,, CHy, and NOy, of 2 m x 2 m models
in different laying patterns and block thicknesses is shown in Figure 27. The general trend
is that total emissions between the different laying patterns with the same block thickness
are not significant. It can be seen that the GHG emission of the models increases as the
thickness of the block paver increases. It is obvious that the higher thickness of the block
paver requires more raw materials, including cement, aggregate particles, and joint sand.
Thus, a lower thickness of the block paver may result in a higher environmental sustain-
ability in the block paving layer. The results are comparable with some data provided by
Ashokan et al. [83]. However, it should be noted that the energy consumption and GHG
emissions of concrete block pavement construction depend on many factors, such as the
machinery/technologies used in extracting aggregate or aggregate production, the process
used in cement manufacturing, fuel type, the mix design of concrete (water-to-cement ratio,
aggregate gradation, and ratio of aggregate to sand), the method /technology of mixing
and molding concrete, the types of machinery used for vibrating CBP, and final compaction.
Any changes in the variables may result in different outputs. Additionally, it should be
noted that all the emissions shown in the figure are only for one elastic modulus of the
concrete block paver. For laboratory analyses of the concrete block layer with elastic moduli
varying from 2500 MPa to 45,000 MPa with increments of 500 MPa, which results in 85 elas-
tic moduli, massive amounts of raw materials, time, and manpower would be required. It
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would be unwise to assign such high effort and budget to such analyses. Additionally, the
development of a mix design, vibrating, and curing methods/technology for concrete that
results in a specific elastic modulus is based on trial and error. To overcome the challenge,
ML approaches and digitalization of the developed models would be helpful. It is worth
mentioning that such approaches are just tools for initial engineering judgement based on
field experience, construction technology, availability of local materials/paving technology,
a highly skilled paving crew, and cost.

700 n
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Figure 27. GHG emissions.

3.7. Digitalization of CBP Analysis

To produce a user-friendly digital platform to provide a preliminary judgement for en-
gineers, contractors, technologists, and craftsmen, a simple software was developed based
on slab action modeling and the ML approach, which can be installed on any electronic
device (Figure 1). The user only chooses the block laying pattern, elastic modulus, thickness
of the block, and the method of ML (if applicable) to calculate the stress and deflection
under 600 KPa. It requires no training or specific data science knowledge. Figure 28 shows
the application what was developed based on ML techniques for different block laying
patterns and slab action in this study. The application has a minimal and user-friendly
UL It is worth mentioning that the main application of the software is underdeveloped. It
should be noted that it is just a tool for facilitating engineering and technical judgement in
a time- and cost-effective manner. This fundamental approach and solution can facilitate
future software development enhanced by machine learning implementations.
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Figure 28. Final Ul of the block pavement application.
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4. Suggestions for Further Research
The following subjects are recommended for further studies in CBP technology:

e It is interesting to model the dented block pavers using slab action theory. The
interaction between pavers in different elastic moduli with joint sand, based on slab
action in different laying patterns, remains a gap in knowledge.

e In this research, only a granular base was considered. It is recommended that
cement/lime-treated or asphalt-treated bases be considered. As such, further lab-
oratory setups need to be built. It is also recommended that the effect of different
subgrade types is included on the stress distribution in CBP.

e In the analysis of sustainability, different industrial fuel types and technologies can be
utilized. It is interesting to carry out research on the effect of various industrial fuel
types and construction technologies.

e  For digitalization, it is suggested to include the models developed based on slab action
for different block shapes (dented and rectangular pavers) in different laying patterns,
various block thicknesses, and different base materials in machine learning procedures.

e Itisalso recommended that the role of digitalization (software infrastructure) in design
and evaluation be analyzed in terms of life cycle cost and greenhouse gas emissions of
the CBP design life.

e  The synergistic effects of waste materials in the design/construction of CBP and soft
infrastructure, based on machine learning, on sustainability need to be evaluated in
further detail.

e Itisalso suggested to use slab action theory for modeling CBP and machine learning
for CBP in airport and port pavements.

5. Conclusions

This study consists of two innovative aspects: modeling the non-homogenous nature
of concrete block pavement (CBP), based on the slab action of the block pavers and joint
sand, and the development of a machine learning (ML) algorithm for CBP. The non-
homogeneous nature of concrete block layer results in those traditional theories applied
in the design of asphalt and concrete pavements being unrealistic in CBP. Therefore, it
is necessary to include non-homogeneity in the modeling of CBP to model block laying
patterns and block shapes. To address this, CBP was modeled based on the slab action of
concrete block pavers and joint sand. In this regard, a panel of 2 m x 2 m with rectangular
blocks (200 m x 100 m), with thicknesses ranging from 60 mm to 120 mm, in different
laying patterns was modeled using the finite element method. The model was compared
with an analytical and laboratory model, which showed reasonable performance in terms
of stress beneath the block layer. In addition, the results of the models showed that a
herringbone laying pattern has the lowest stress and deflection in comparison with other
laying patterns. Therefore, modeling CBP based on the slab action of concrete block
pavers and joint sand in full contact can be a realistic approach, which enables pavement
engineers, technologists and researchers to consider different laying patterns and shapes
of block pavers in structural design and evaluation. Since it is not easy to model different
laying patterns of block pavement, ML approaches were used. In this regard, support
vector regression (SVR), Gaussian process regression (GPR), and single-layer artificial
neural network (SANN), deep artificial neural network (DANN), and least square boosting
(LSBoost) were used to develop the algorithms. The inputs for the models were elastic
modulus, 2500 MPa to 45,000 MPa; block thickness, 60 mm to 120 mm; and block laying
pattern. Although the block laying pattern is a qualitative input, which is intrinsically
different from quantitative inputs like elastic modulus and thickness, the ML models
enable pavement technologists and technicians to include such qualitative variables in their
models. Therefore, a dataset consisting of 1376 datapoints was created, including 1344 and
32 datapoints for training and testing, respectively. The outputs of the models included
stress beneath the block layer and deflection induced through a wheel load of 42 kN.
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To evaluate the models, four accuracy metrics—mean absolute percentage error
(MAPE), mean absolute error (MAE), root mean squared error (RMSE), and R>—were
used for all the ML models. The statistical analysis through these accuracy metrics showed
that the models have very similar performances due to the small differences between the
metrics, making it difficult to choose the best model, because all models achieve R? values
above 0.8, indicating satisfactory results. Thus, a Taylor diagram was used to select the
best model, which revealed that the GPR and DANN models were more accurate than the
others. However, the outputs of GPR showed slightly better performance. Therefore, GPR
can be adopted for further development in the future.

Although the model developed based on slab action showed promising results, there
are some limitations. Only rectangular blocks on the granular base were modeled. It is
recommended to model CBP using dented blocks in different laying patterns and use
various machine learning methodologies for further studies. It should be noted that slab
action can be used for modeling CBP used in other infrastructure assets such as airports,
ports, and stacking container yards.

The analysis of sustainability showed that the GHG emissions for different block laying
patterns with similar block thicknesses are similar, even though the GHG emissions increase
as the thickness of the block paver increases due to higher raw material consumption and
more concrete material for vibrating, pressing, and curing.

Based on the ML models, a simple, user-friendly software was developed to digitalize
in situ evaluation of CBP for initial judgement with minimum training for engineers,
craftsmen, technologists, and researchers. This software is merely a simple tool to facilitate
engineering judgement. It is not a substitute for sound analysis through laboratory testing,
field investigation, and engineering experience. In other words, such a tool can facilitate
engineering judgement through resource- and time-saving, which results in sustainability
through digital transformation. Therefore, it is a tool for in situ judgment, which paves
the way for the digital transformation of existing ad hoc methods of CBP design toward
sophisticated computer packages on the basis of ML approaches. It is also a resource- and
time-saving approach, which significantly decreases the carbon footprint of laboratory
efforts and increases sustainability in pavement construction.
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