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EXxecutive summary

The Netherlands is a northwestern European country. The location makes the Netherlands
an important entry for trade to the European continent resulting in high tra c intensities [1].
The Netherlands has one of the densest road networks in the world, having over 139.000km of

roadways [2, 3].

The understanding of the link between the functional properties and the behavior of the road
is crucial [4]. However, predicting such properties is still challenging, and expectations di er
from the results found in the field [5, 4].

Data-driven approaches have been part of pavement engineering for decades and have shown to
be a powerful tool for performance prediction [6]. This thesis aims to develop a machine learning
framework for predicting sti ness, fatigue resistance, resistance to permanent deformation, and

water sensitivity. Along with sensitivity analysis to understand the deviations from expectation.

The objective is to develop a framework to understand the applicability of machine learning
tools and the impacts of the composition parameters into the mix. The models developed
applied three di erent machine learning tools for regression: Support Vector Machine, Random
Forests, and Gradient Boosting. The models were compared to a statistical model to validate
the work. The statistical approach was a Multiple Linear Regression. All developed models
used the database from the NL-LAB project.

The machine learning models were compared, and the best-performing proceeded to a sensitivity
analysis. The sensitivity analysis used SHAP values, which derive from the Games Theory and

have shown to be powerful tools for complex model interpretability [7].

The models had good accuracy prediction. For most properties, machine learning had a higher
performance than the statistical model. Gradient Boosting performed the best from the machine
learning tools and was selected to finalize the research. The sensitivity analysis had good results,

confirming some of the expectations and setting a precedent for researching others.
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Introduction

This chapter aims to introduce the topic discussed in this thesis, the motive, formulate the

research questions and describe the methodology applied to answer them.

1.1 Motivation

Infrastructure plays an important role in economic growth [8]. It facilitates trades, powers
businesses, connects workers to jobs, and creates opportunities for struggling communitied.|
These factors are easily visible in the Netherlands, which has over 139.000km of roadways and

is heavily dependent on its transport and logistics 10, 11].

The road network in the Netherlands is assessed through the functional properties of asphalt
concrete f]. Although the link between the functional properties and behavior of the road is
crucial, the trends expected in properties appear to deviate from expectations4]. Moreover,
prediction of these properties is still challenging due to the complexity of its behavior for cyclic

e ects and systematic changes throughout its life cycle §).

Data analyses have been part of modern pavement engineering since the early stagés. [
Di erent machine learning models were applied to identify critical features and evaluate pavement
performance and proved to be powerful tools for predicting§]. This thesis applies a data-driven

approach to developing a framework for performance prediction of asphalt mixtures to address
the challenges of functional properties prediction and deviation of expected behavior in the
eld, focusing on sti ness, fatigue resistance, resistance to permanent deformation, and indirect

tensile strength (ITS).
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1.2 Problem statement

The scope of this research is to develop a machine learning framework for the prediction of
functional properties of asphalt mixtures. The model should incorporate a sensitivity analysis
to verify the impact of crucial mixing components. The key components were de ned from the

NL-LAB project, explained in Chapter 2. The components were the following:

Bitumen properties
Bitumen percentage
Density

Aging

Di erences between eld and laboratory

The developed models focus on sti ness, fatigue resistance, resistance to permanent deformation,
and indirect tensile strength prediction using the data from the NL-LAB project. The database
includes numerical and descriptive information about the samples. The data does not consider

the collected samples' random e ects, spacial or tra ¢ information.

Developing a framework requires verifying the applicability of the di erent tools to the data
and its uncertainties. Machine learning models have sets of hyperparameters that, calibrated,
improve performance. De ning the optimal hyperparameters and loss function is essential for
the framework. Last, it is necessary to validate the nal model. Statistical models are well

structured and frequently used for several studies and are great candidates for this comparison.

1.3 Research Questions

The available machine learning tools and their variants are vast. Literature review shows that
support vector regression, random forests, and gradient boosting are promising tools for this
research. Based on the development of the previously described framework, the main research

guestion was formulated as the following:

Does the machine learning framework/models developed in this research improve

the performance prediction of asphalt mixtures?

Optimization and validation of the models are necessary to answer the main research question.
Multiple linear regression was the selected tool for validating the machine learning models.

Therefore, the main question was divided into the following sub-questions:

How does the machine learning model compare to the statistical model?
What hyperparameters had the most relevance for the analysis?
What are the optimal hyperparameter after applying di erent loss functions?

Does the machine learning model capture the physical behavior of the mixture?
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1.4 Research Methodology

The approach adopted to answer the research questions and understand the e ects of crucial
mixing components on the functional properties had three main stages. The rst part includes
the data pre-processing, identi cation of relevant features, and splitting of the data. Second,
the development of the models using di erent approaches and predictive tools to compare
their performance and deal with the non-linearity of the data. In this stage, the models were
optimized and cross-validated. Later, a model was selected to proceed to the optimization.
After calibrating the model, the third stage was a comparison with the statistical model and

sensitivity analysis to identify the impact of the key features.

Figure 1.1: Research methodology owchart

1.5 Thesis Structure

This thesis is divided into ve chapters, as illustrated in Figure 1.2 Chapter 1 introduces
the topic discussed, motivation, problem statement, formulation of research questions, research
methodology, and the structure of the work. Chapter 2 is the literature review, providing
background knowledge on the analyzed properties and the models. Chapte} introduces the
steps and tools used for developing the models and their functionalities. Chapted evaluate
the performance of the developed models and perform a sensitivity analysis. Chaptérare the

conclusions, answering the research questions and giving the recommendations.



1.5. Thesis Structure

Figure 1.2:  Thesis structure owchart



Literature Review

This chapter aims to provide background information on existing literature. (i): An overview of
the Dutch pavements and the link to the NL-LAB project. (ii): The background information on
the functional properties of asphalt mixtures and binder. (iii): The impacts of the properties of
mixing composition in the asphalt mixture. (iv): An overview of the application of data-driven

methods in the eld.

2.1 General Overview of Dutch pavements

The Dutch road network mainly comprises exible pavement [3]. Dierent types of mixtures,
such as dense asphalt concrete (DAC), stone mastic asphalt (SMA), and porous asphalt (PA),
are used for di erent speci cations [3]. Porous asphalt with two layers (2L-PA) represents more
than 80% of the Dutch roads B]. High precipitation makes roads expected to be wet 13% of
the time, which led to the rst application of porous asphalt (PA), in 1972 [ 12]. These mixtures

are expected to follow various standards and speci cations as speci ed in CROW(2010)17].

According to researchers, one of the Netherlands' current challenges is nding the fundamental
indicators of in- eld pavement performance [1]. It is necessary to cope with the fast changes in
mixing compositions caused by the scarcity of raw materials, leading to an increasing necessity
for reclaimed, recycled, and bio-based materials. In such case, empirical solutions relations
might become obsolete, and time-consumingl]. As explained in Chapter 1, data-driven
approaches have been used in pavement engineering and could be a possible alternative to

this challenge.
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The scope regarding the challenges in the Netherlands is broadl]] Companies, research
institutes, and the Dutch highway authority, Rijkswaterstaat (RWS), are working on projects
to provide solutions. The NL-LAB is one of the projects aiming to assess the functional
requirements for pavement performance]. The background information regarding NL-LAB is

given in the following section.

2.2 NL-LAB

The NL-LAB program uses the Dutch road system as a living laboratory to test materials
and monitor their performance [4]. It stands for National or Netherlands Living Lab, and LAB

stands for Langjarige Asfalt Bemonstering, which means long-term asphalt sampling in Dutch.

The project started in 2012 when it was realized that some trends expected from experience
did not match the ones observed in practice 4]. The initial goal was to verify if the applied
functional requirements were a good indicator of the behavior in the eld. This data collection
also allowed the development of a reference framework for identifying changes and assessing

innovations [14].

The data was collected, initially from four di erent projects, and later,data from more projectes
were added. These dierent projects were named asVorks in the study [14]. The samples
extracted from each Work were from binder/base layers of dense asphalt concrete with Reclaimed
Asphalt (RA), and di erent mixing designs [ 15]. After two and six years, tests were conducted
on the samples and the bitumen at the time of collection. For bitumen, tests were also conducted

after six and twelve months to assess the agingl{].

The samples were classi ed into three di erent groups. Phase 1, they were mixed and compacted
in the lab. In phase 2, the samples were mixed in the eld and compacted in the lab. In phase
3, mixing and compaction were done in the eld [L4]. The samples tested after a few years
were kept in the laboratory at the Technical University of Delft at a temperature of 15 C until
testing. The data collected over time does not consider the e ect of tra c since the focus was

only on material properties [4].

The aim was to link the functional properties to materials properties categorized in three main
hypotheses, present in Table2.1[14]. The rst hypothesis is based on the bitumen properties
and percentage in the mix. The second hypothesis is related to the density of the samples. The

third hypothesis is on the aging of the mixture.
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Table 2.1:  Main Hypotheses

Hypothesis E ect Type test property
Lower/Smaller Sti ness Modulus
1 | More and softer bitumen Higher/Larger . Resistance to fatigue _
Lower/Smaller | Resistance to permanent deformation
Higher/Larger Water sensitivity
Higher/Larger Sti ness Modulus
. . Higher/Larger Resistance to fatigue
2 Higher density Higher/Larger | Resistance to permanent deformation
Higher/Larger Water sensitivity
Higher/Larger Sti ness Modulus
3 Aging Lc_)wer/SmaIIer . Resistance to fatigue _
Higher/Larger | Resistance to permanent deformation
Lower/Smaller Water sensitivity

Following tests were carried out for the asphalt concrete mixtures according to the Dutch
Standard (RAW 2015):

Stiness - EN 12697-26, method B, with four-point bending test on prismatic beams
Resistance to fatigue - EN 12697-24, method D, with four-point bending test on prismatic

beams
Resistance to permanent deformation - EN 12697-25, method B, cyclical triaxial test with
signal

" Water sensitivity - EN 12697-12, method A and EN 12697-23.

Following laboratory tests on bitumen were conducted:

Bitumen penetration - NEN-EN 1426 - penetration test
Softening temperature - NEN-EN 1427 - ring and ball test
Complex shear modulus and phase angle - NEN-EN 14770 (from -10 to 60)

Background information on the tests and predictive models to determine the functional properties

is presented in the next section.

2.3 Functional properties of asphalt mixture

The determination of the functional properties of asphalt mixture is important in assessing the
performance of the overall pavement structure. Di erent test protocols are used to de ne this
properties. The following section focus on explaining existing predictive models and the norms

described in the previous section.

2.3.1 Stiness

The modulus of elastic materials can be de ned by the stress-strain relationshipl6]. Visco-elastic

materials are frequency and temperature-dependent. Therefore, it is often characterized as a
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complex modulus [L7]. It can be de ned as the relationship between stress and strain for a
visco-elastic material [L6]. The complex modulus can be divided into a real part that re ects the
elastic behavior and an imaginary part that is the internal damping of the material. The phase
angle () relates to the damping properties of the material [L7]. The sti ness of bituminous

mixtures is de ned as the absolute value of the complex modulus17].

E = JE j(cos + isin ) (2.1)

Predictive models and laboratory tests can predict the sti ness modulus of asphalt mixtures
reasonably well 18]. Shell nomograph uses the stiness of the binder, volume percentages
of mineral aggregate, and bitumen to predict sti ness [L9. Witczak model uses a sigmoidal
function to t the material and mixing properties to the stiness [ 20]. Micro-mechanical models
consider the mechanical and geometrical properties of the constituents to predict sti nessZ1].
However, most of them were designed for elastic materials, and several researchers, with limited

success, tried translation for visco-elastic materials.

Di erent tests have been standardized across Europe to de ne the complex moduluslf]. In the
Netherlands, bending tests, direct tensile tests, and indirect tensile tests are used to determine
the sti ness modulus [16]. Four-point bending test is one of the commonly used methods to
de ne the stiness for a required temperature and frequency in prismatic beams 16]. The
modulus in the temperature of 20 C and 8 Hz is commonly used in four-point bending 22]. A
master curve can be de ned to determine the sti ness modulus at an arbitrary temperature,
and frequency [L6]. The master curve can be tin a sigmoidal shape for tests performed in at
least four temperatures separated by not more than 10C [16]. The results from tests following
the NEN-EN 12697-26 - method B guidelines at 20C and 8 Hz were used in this research as

indicators of sti ness.

Figure 2.1:  Four-point bending test concept [ 16]



2.3. Functional properties of asphalt mixture 9

2.3.2 Density

Density is considered one of the most important parameters for pavement construction23)].
The mix needs enough air voids to prevent rutting, water, and air from penetrating through
the structure [23]. High air voids lead to water damage, oxidation, and cracking. Lower voids

lead to rutting and shoving [23].

In general, when the density of a mixture is increased, the sti ness also increased][ However,
test results show that a threshold value could be achieved?l]. Tests performed with ne-grade
samples, 9.5mm mixtures, showed that, for density levels of 88 and 91%, the change of the
sti ness modulus was signi cant, while 94 and 97% were insigni cant. For 12.5mm mixtures,

there was still a signi cant increase at 97% density p4].

Figure 2.2:  Comparison of 9.5 mm dynamic modulus data (|E*|) [ 24]

Figure 2.3:  Comparison of 12.5 mm dynamic modulus data (|[E*|) [ 24]
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Tests to verify the impact of density on fatigue resistance were also performed in 9.5mm and
12.5mm mixtures [24]. The fatigue beam had inconclusive results44]. Although, samples with
4% air void had longer fatigue life when compared to samples with 6 to 10%. In addition,
higher density reduces the air void percentage, which increases the initial sti ness, suggesting
a higher fatigue life [25). The overlay tests showed that improving compaction, and increasing

the density, could improve the fatigue performance 24].

A study conducted by Brown and Cross (1989) 26|, showed that when the air voids percentage
reached 3% or below, rutting was likely to occur. In many cases, insu cient compaction during
mix design and testing results in a larger amount of binder required to achieve the expected
density [26]. In addition, results from Asphalt Pavement Analyzer (APA) and ow number

indicate that higher densities reduce the susceptibility of rutting [24].

The density and air voids are directly correlated to ITS [27]. The increase in void content
reduces the ITS because it reduces the cohesion in the mixture. The cohesion is the mechanism

that supports the structure for this type of distress.

Performance indicators are also used to assess pavement deterioration over its lifetime. The
following section describes the indicators for asphalt mixture performance and the methods for

their determination.

2.4 Performance indicators of asphalt mixture

Many factors can cause the deterioration of roads, and indicators of this deterioration, such as
resistance to fatigue, resistance to permanent deformation, and water sensitivity, are used to

assess the overall performance of the structure.

2.4.1 Resistance to Fatigue

Fatigue of bituminous mixtures is an important factor in pavement design [17]. Fatigue cracking
is considered as one of the major types of distress. It is de ned as the reduction of the strength
of a material subjected to cyclic loading compared to the strength under non-cyclic loadingZ8g).

Predictive models and laboratory tests are used for fatigue testing17].

Tests to understand the behavior are destructive, and time-consuming17]. Shell prescribed
equations for constant stresses and strains using the fatigue line of several samples from di erent
types of mixes, bitumen, and testing conditions. R9]. The equations can be translated into a
nomograph, however, the accuracy of these equations is 40% for 90% of the constant stresses

and 50% for the constant strains [L7].
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In the Netherlands, fatigue life is determined by bending, direct, and indirect tensile tests 28§].
In a four-point bending test, the failure point N is de ned as the number of cycles required
to reach half of the initial sti ness. Fatigue resistance is expressed by the strain level achieved
after one million load repetitions, and it is indicated as "¢ [+-] [28]. The results from tests

following the NEN-EN 12697-24 - method D guidelines were used in this research.

2.4.2 Resistance to Permanent Deformation

Permanent deformation is characterized by the non-reversible deformation under the wheel
path, also known as rutsBQ]. Rutting is a major form of distress that can cause hydro
planning by water accumulation [30]. These deformations are accumulated incrementally over

the pavement's life.

Tests to determine the resistance to permanent deformation consist of applying a constant static
con ning pressure and measuring the axial deformation of a cylindrical specimen under cyclic

axial loading [31]. The resistance is expressed as creep rat@[fcy'ﬁ.loﬁ], which can be measured

from the slope of the linear part of the creep curve, also known as turning point31]. The creep

curve derives from the cumulative strain of the test specimen after n loading cycles.

""=A1+B1 n (22)

Where:

"n: Cumulative axial strain of the test specimen after n loading cycles, in percent.
n: Number of loading cycles.

A1, B1: Regression constants.

fc is then derived from the (quasi)linear part of the curve:

fo= By 10 (2.3)

Figure 2.4:  Creep curve example [31]
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Where:

Stage 1 of creep curve.
Stage 2 of creep curve.
Stage 3 of creep curve.

Turning point.

Creep rate §

The application of a friction reduction system between the plates that perform the axial
compression are advised for this test31]. The friction reduction system is necessary to reduce
the friction stresses caused between the plate and the sample and they can have considerable
in uence on test data [32, 14]. The results from tests following the NEN-EN 12697-25 - method

B guidelines were used in this research.

Figure 2.5: Testing apparatus [ 31]

Where:

Actuator for dynamic pressure.
Pressure cell.
Sealed test specimen.

Con ning pressure.

Compressor.

2.4.3 Water Sensitivity

Pavements are often exposed to trac and environmental loading combinations that could
damage and reduce their performancelfy]. Moisture damage is considered as one of the major
causes of pavement distress for hot mix asphalt33]. When the binding strength between

bitumen and aggregates is reduced, the susceptibility of stripping is increase®§].



2.4. Performance indicators of asphalt mixture 13

Water sensitivity can be determined by the ITS of cylindrical specimens B4]. The specimen is
divided into two identical samples that are subjected to di erent conditions. One specimen is
maintained dry while the other is saturated under elevated conditioning temperature B5]. After

conditioning, the ratio between the ITS de nes the indirect tensile ratio (ITSR), expressed as

percentage B9].

The ITS test is performed by placing the subset into a compression machine and loading with
a constant speed, diametrically along the direction of the cylinder axis until it breaks B4]. The
tensile strength, expressed in MPa, is calculated from the peak load applied and dimensions
of the sample B4]. This research uses the results from tests following the NEN-EN 12697-23
guidelines to t the indirect tensile strength, and an alternative to assess water sensitivity is

suggested.

2P
ITS = — 51000 (2.4)

Where:

P: Peak load, expressed in Newtowns (N).
D: Diameter of the sample.

H: Height of the sample.

Figure 2.6: Testing apparatus [ 34]

Where:

1: Testing head.

2: Loading strips.

3: Specimen.

W: Width of the loading strip.

h: Maximum height di erence at the curved side of the loading strip.

F: Load.
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The functional properties of asphalt mixtures relate to the functional properties of the binder.

In Section 2.2, the tests performed on the bitumen were speci ed.

2.5 Bitumen functional properties

2.5.1 Penetration test

The consistency of asphalt binders can be determined by penetration test3p]. This test does
not measure the fundamental properties or control the loading rate 37]. The penetration test
measures the vertical penetration depth of a needle into a sample of bituminous material under
speci ¢ conditions of temperature, load, and loading duration [37]. For penetrations smaller
than 330 10 'mm, the testing temperature should be of 25C with the loading of a 100g needle
for 5s. For tests that expect higher penetration values, the testing temperature should be 1%

[36]. The results from tests following the NEN-EN-1426 guidelines were used in this research.

2.5.2 Softening temperature test

The softening temperature of the bituminous binders can be determined by Ring and Ball test
[38]. The test is performed by placing two horizontal discs lled with binder inside a liquid
bath with steel balls laying on top of the binder [38]. By heating the liquid at a constant rate,
the binder will start to deform. The softening point is the mean value in which both balls have
fallen a distance of 25mm 88]. The penetration test as referred in the previous subsection and
ring and ball tests can be used to determine the Penetration Index (PI), which are inputs for
Van Der Poel and Shell nomographs for stiness determination 17]. In the research, results

from tests following the NEN-EN-1427 guidelines were used in this research.

2.5.3 Dynamic shear rheometer

Dynamic shear rheometer (DSR) is used to measure the dynamic visco-elastic properties of
asphalt binders B7]. From this test, it is possible to determine the dynamic shear modulus
(G ), and the phase angle (phase lag,) [37]. G is the ratio of peak shear stress to the
peak shear strain in harmonic sinusoidal oscillation, and the is the phase di erence between
the stress and the strain under the same oscillation39]. The test is conducted using a shear
rheometer which is tted with parallel plates with a constant gap [39]. The diameter of the
plate depends on the binder's sti ness B9]. Binders with sti ness ranging from 1kPa to 100kPa
require plates of 25mm diameter with a 1mm gap. From 100kPa to 10MPa, the diameter should
be 8mm with a 2mm gap. B9. The test was conducted with temperatures ranging from -10
to 60 C, and the master curve was built at a reference temperature of 20C and frequency of
10 rad/s [14]. In this research, results from tests following the NEN-EN-14770 guidelines were

used in this research.
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The properties of the components present in the mixture also impact the performance. The

following section provides an overview of the mixing composition and its impacts in its lifetime.

2.6 Mixing composition and properties

2.6.1 Bituminous binder

The bituminous binder is derived from the residuals of distilled crude oil B7]. They are
composed of a large number of hydrocarbon moleculed()]. The assessment of the properties
is done by the methods described in Sectio2.5. The following subsections describe the e ect

of bitumen content and properties on mixture performance.

2.6.1.1 Bitumen content

The binder content is de ned based on the durability and stability of the mix [17]. For
continuous graded mixes, it is necessary to nd the balance between stability and exibility
[41]. More binder will help with the exibility and less binder with the stability. The use of
high bitumen content can lead to bleeding, in which the material percolates and creates a Im
on top of the layer [17]. On the other hand, with less binder, the susceptibility to rutting

reduces, but the material becomes more brittle and prone to crack4].

2.6.1.2 Bitumen properties

For rutting prevention, it is desirable to increase the binder's sti ness and decrease the phase
angle to decrease the viscous dissipatior8f]. Increasing the sti ness of the binder also reduces
fatigue cracking for layers thicker than 125mm. Additionally, the increase of the sti ness

mixture is related to the increase of the sti ness of the binder B7].

Bitumen aging results in changes in the properties over time14]. Aging is a complex phenomenon
caused by oxidation and volatilization [37]. Oxidation changes the structure of the molecules
leading to more brittle behavior [37]. Tests show that the stiness of an asphalt mixture

increases with aging time over all of the frequency ranges leading to higher cracking potential
[42). This cracking potential can lead to space for water to percolate in the binder-aggregate

interface, leading to water damage 43].

2.6.2 Reclaimed asphalt

The recycling of hot mix asphalt (HMA) is mainly the incorporation of reclaimed asphalt
pavement (RAP) [37]. The reuse of RAP in new mixtures reduces the need for raw aggregates

and fresh binders in the construction of new structures 44].
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The use of RAP was believed to be limit the ITSR and fatigue resistance4]. However, results

from tests often indicate improvement on ITSR for a high reuse percentage. On the other
hand, research has shown that high percentages of RAP lead to a lower fatigue resistanc§.[
Additionally, tests indicated that the increasing RAP percentage improves the complex modulus

of mixtures and resistance to permanent deformation 45].

Tests indicate that the aged bitumen in RA increases the softening point and viscosity and
decreases the penetration of the fresh binderdfd]. Moreover, the viscosity can also increase in
proportion to the amount of RAP added to the mix [44]. With the increasing viscosity, the

workability of the mix is a ected [ 44]. The viscosity reduction can be achieved by mixing the

reclaimed binder with a softer fresh binder p4].

2.6.3 Aggregates

Asphalt mixtures consist of bituminous binder, mineral aggregates, and air voids 46]. They
constitute 70 to 85% of the mixture's weight [37]. The mechanical properties of aggregates,
stone, and sand, relate to the resistance to degradation, polishing, impact, or loading3[].
Even though this research does not consider these properties, it is important to highlight them

for a deeper understanding of the results.

Aggregates with higher sti ness are desired for most applications37]. The angularity impacts
the rutting resistance of the mix because of the internal friction and the chemical properties
a ect the stripping and raveling on the presence of moisture B7]. The aggregate's quality
also a ects the mixing and compaction stages of the design. Weak aggregates can fail during
these stages, reducing the project's durability. The breakage can also occur due to tra c loads,

especially on gap-graded pavements that rely on stone-on-stone contac3).

2.6.4 Fillers

The ller is part of the aggregate percentage and can be characterized as minerals passing
through a sieve 0.063mm 46]. The aggregates, larger than ller, are not only coated by the
binder but by the mastic [46]. Mastic is the mixture between the binder and the ller, which

has great signi cance in the performance of exible pavements46].

In the study by Huang et al, the indirect tensile strength of mixtures was found to increase
when the ller content was increased B6]. The increase in ITS could be because the strength
of the ller is higher than the strength of the binder, and by increasing the ller content and

reducing the binder content, the strength goes up. The water sensitivity ratio, on the other
hand, decreased. The reduction in ITSR could be explained by the reduced binder content with

the increased amount of ller [46].
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Resistance to permanent deformation decreased when the ller content was increased from 2%
to 5% [46]. However, when it increased to 10%, the rut depths were smaller when compared to
the smaller percentages, improving the resistance to permanent deformation. The reason could

be because of the increase in sti ness caused by the ller content4fg].

Sti ness and fatigue life could also increase as the ller percentage increasedq]. Sti er mastic

results in higher mixture sti nesses, and the extra ller particles interrupt the crack propagation

[47).

The possibility of using data-driven approaches to predict the functional properties of asphalt
mixtures is an attractive alternative to diving into the applicability of models and understanding
their functionalities. The following section aims to provide a brief explanation of data-driven

approaches and their branches.

2.7 Data-driven approaches

The Cambridge Dictionary de nes data-driven as something based on collected information
[48]. Machine learning and statistical models base the decision rules on the collected dat4q].
Machine learning is a subset of arti cial intelligence where machines improve in a speci ¢ task

with experience B(]. It is divided into three subsets [51]:

Reinforcement learning
Unsupervised learning

Supervised learning

Reinforcement learning, the model that learns from a series of rewards or punishment&]].
The concept is to understand what caused the reward or punishment aiming to maximize the
total reward. In unsupervised learning, the model learns hidden patterns in the data without
labeling. A typical unsupervised learning technique is clustering $1]. In supervised learning,

the model learns patterns in labeled data to make predictions%2]. The predictions can be:

Classi cation: categorizes observations in groups

Regression: forecasts continuous values

This research applies regression models to predict the functional properties of asphalt mixtures
described in Chapter 1. The techniques applied are further explained in the following chapter.

2.8 Conclusion

This chapter presented the introduction to the research, along with an investigation of the

literature providing the background for the parameters being studied, the in uence of components,
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and di erent tools applied for the determination of the functional properties of asphalt mixtures.
The nding highlighted the applicability of tools and the impact that di erent material properties
have on the mixture. The following chapter describes the methods and tools utilized in this

research.



Methodology

The methodology of this research is structured in four main parts. (i) The rst part consists
of data preprocessing and feature engineering. (i) In the second part, regression analysis,
optimization, and cross-validation is present. (iii) The third part focused on sensitivity analysis.
(iv) The last part presents the tools used for the regression analysis. The rst three parts of the

methodology follow the structure shown in Figurel.1.

3.1 Data preprocessing and feature engineering

Data preprocessing and feature engineering are major steps in statistical and machine learning
models B3]. The data was used in this research gathered in raw form, and techniques were
applied to increase the quality of information given to the models. The following techniques

were applied:

Data cleaning

Data reduction
Data integration
Data transformation
Feature creation

Feature selection

Data cleaning consists of removing inconsistencies, lling in missing values, and smoothing noisy
data [53]. Data reduction Iters the necessary data from the mater dataset b3]. Data cleaning

and reduction were covered in a single step. Data integration was used to avoid con icts between

19



3.1. Data preprocessing and feature engineering 20

variables [B3].

Data transformation is a step that relates to both data preprocessing and feature engineering
[54]. In data transformation, the datasets are scaled and encoded5B]. Scaling of the data
is done to avoid large deviations $3]. In addition, in the dataset, there are numerical and

categorical variables, which nominal data that must be converted into numerical values.

In feature creation process, variables that better translate to the model were created5p]. In
feature selection, the nal dependent and independent variables were selected. It is essential
to highlight that these processes are iterative, and no speci c order was followedsf]. During
the modeling process, the preprocessing and engineering of the data were performed multiple

times. The following subsection focuses on explaining the above mentioned steps.

3.1.1 Data cleaning and reduction

The inputs collected from the master dataset consisted of type tests, material compaosition,
material tests, sample codes, mixing and compacting equipment, and age of sample. The raw

data extraction resulted in 79 features (see AppendixB.1).

Features with a large number of missing values and variables that can not be determined in
advance were removed. It is necessary to focus on parameters that are related to most of the
properties. The initially removed items were parameters that were simply for the organization
and bookkeeping of the samples, the regression coe cients from the tests were used to determine

the dependent variables, and the extracted and reference composition.

The data, even though gathered in the same master dataset, come from di erent tests and places
[15]. The di erent data sources can lead to con icting conclusions B3]. The data integration

process that was followed in the research is explained in the next subsections.

3.1.2 Data integration

As explained in Section2.2, the data come from various laboratory tests of asphalt concrete
mixtures, and their components [L4]. Parameters in the analysis can become redundant by
translating information from other variables. In this step, the data incorporating information
from other parameters, was removed. Additionally, two correlation analyses were performed.
At rst, the correlation between bitumen properties. In the second step, the correlation between

the density properties was obtained.

Before transforming, the data was split into the training set and testing set. The splitting

methods and transformation techniques are explained in the following subsections.
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3.1.3 Splitting

The process of tting a regression requires splitting the data into two sets p6]. The concept is

to develop a hypothesis using the training set and test the hypothesis in the testing setS).

The data was split into 80% for training and 20%, as commonly adopted in statistical analysis.
For this step, the distribution of the entire dataset was evaluated to make sure that the splits
respected the original distribution. The same dataset was used for the statistical and machine

learning to make reliable conclusions.

Figure 3.1:  Splitting scheme

The split dataset was then used for feature transformation. In the following subsection, a brief

explanation of the transformations is given.

3.1.4 Data transformation

The transformation of the data was done in two main steps. The nominal data were converted
into numerical values [53]. Additionally, the numerical data was scaled as some models require

them to be scaled.

3.1.4.1 Categorical data

Some features were categorical, which means that they were labels and not numbe&0]. For
the analysis, it is required to transform them into numerical variables before tting the model.
The most common approach isOne-Hot-Encoding [22]. It transforms a single variable with n
observations and d distinct values into a binary value d with n observations, also known as

dummy variables[57]. An example of encoding is presented in Table3.1
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Table 3.1: One-Hot-Encoding example
Mixing set-up Planetary mixer Forced action mixer Asphalt plant
Planetary mixer 1 0 0
Forced action mixer 0 1 0
Asphalt plant 0 0 1

Linear regressions require that one item from the encoded data be deleted§]. However,

the values are still considered in the intercept of the linear regression equation5pg]. One of

the dummy variables is deleted from the feature list to avoid multicollinearity between the

variables [68]. Table 3.1 represents the One-Hot-Encoding for random forests and support

vector machines since they are not a ected by multicollinearity. It was obsorved that removing

the asphalt plant column exempli es One-Hot-Encoding for linear regression.

Table 3.2:  One-Hot-Encoding MLR example
Mixing set-up Planetary mixer Forced action mixer
Planetary mixer 1 0
Forced action mixer 0 1
Asphalt plant 0 0

The transformed categorical features create a column for each unique value in the datasedq)].
The newly created columns reduce the model's performance because it occupies more space.
Moreover, more data is required to distinguish the di erence between them. The solution was
the aggregation of these unique values into reduced groups. A description of reduced data can

be found in Appendix B.

Di erent models applied in this research use di erent encoding techniques §0]. Target-based
encoding was applied, in which the data is replaced with the average target value of the
corresponding category $0]. The issue of this method is target leakage, in which information
about the value to be predicted is leaked to the model, and it tends to over- t [60]. The solution

for target leakage can be achieved by using the average target value of the occurrences of a
speci c category before the one being encoded(]. This approach leads to a high variance in
the initial values [61, 60]. Multiple permutations are done to solve the high variance, and the

nal value is the average of all permutations.

In addition to encoding, some models require numerical features to be scaled to avoid high
variances p3]. It is noted that the categorical features converted into numerical features do
not require scaling. The following subsection provides strategies used for scaling the numerical

data.
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3.1.4.2 Feature scaling

Some models generally struggle to deal with data with di erent ranges, and scaling becomes
a necessary stepg2]. For instance, several components of a learning algorithm's objective
function assume that all characteristics are centered around O and have a variance distributed
in the same order B2]. A feature may dominate the objective function and prevent the estimator

from successfully inferring from other features as expected if its variance is orders of magnitude

greater than that of other features.

In this research, linear regression and support vector machines were explored models that require
data scaling. The approaches for this step were di erent for machine learning and statistical
analysis. The statistical analysis projected the minimum value as -1 and the maximum as 1 to
be uniform, making it possible to compare the coe cients directly. For a continuous variable X,
with minimum X pin and maximum X s« , €ach valuex 2 [Xmin ; Xmax ], the scaled equivalent

Xscaled 1S Calculated using the following formula:

X Xmin 0:5 range
0:5 range

(3.1)

Xscaled =

Where:
range. X max X min -

In machine learning, only the support vector machines required scalingg3]. Standardization

was applied using the following formula:

(3.2)

Xnorm =

Where:

u: mean value of the sample.

s: standard deviation of the sample.

Features that contained relevant meaning for the analysis were created, and the nal set of
variables was selected. De ning the relevant features for the analysis is explained in the following

subsection.
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3.2 Feature creation and selection

3.2.1 Fatigue resistance extrapolation

Fatigue resistance is measured based on the fatigue line t from 18 samples and to generate
more data points, the available fatigue lines were extrapolated. From the fatigue life plot, a
horizontal line was drawn at the H QP cycles point. Parallel lines, respecting the slope of the
original line, were drawn from the observations until they intercepted the horizontal line. The

strain level for these individual points at H Q@° cycles was named gIndividual .

Figure 3.2: Fatigue line extrapolation example

3.2.2 Target mixing compaosition

The target mass composition of aggregates was measured in percentage passing through the
sieves. The percentages were converted into the percentage retained in the sieves. Transforming
from passing to retained percentages allowed the creation of stone and sand percentage variables.
The two parameters were created to compare the model's performance using group and individual
composition parameters. In addition, the target bitumen percentage was not incorporated
into the dataset. To incorporate, the total target mass percentage summed with the bitumen
percentage should result in 100%. Thus, the target bitumen percentage was calculated by

subtracting the total target mass percentage from 100%.

Originally, asphalt mixtures were designed using volumetric properties and later converted to
mass properties when being produced3p]. The mass percentages were converted into volume
percentages to analyze the behavior of the models. The composition did not specify all materials,

and the densities for the di erent components had to be assumed constant. Table.3 shows
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the assumed densities for each material. Models considering mass and volume percentages were

created to analyze their impact on performance.

Table 3.3: Assumed densities

Component | Density [ %]
Stone 2700
Sand 2700
Filler 2500

Bitumen 1030

3.2.3 Compaction degree

The last parameter to be created was compaction degree. The compaction e ort is considered
to be of major importance because it de ned the air void percentage of the mixture 23].

Compaction degree can be determined by the following equation:

Density

CompactionDegree= ———
P 9 T argetDensity

(3.3)

In the next stage, the statistical and machine learning models were built for the regression
analysis. The models were later optimized and cross-validated. The following sections provide

an overview of regression analysis and the optimization and cross-validation process.

3.3 Regression analysis

Regression is a common statistical technique used to model systems de ning a mathematical
relationship between a response variable (y) and explanatory variables (x)90]. Regression

analysis can have di erent bene ts [64]. They help in:

determining if independent variables have a signi cant relationship with the dependent

variable
estimating the e ects of the independent variable on the dependent variable

making predictions

The regression analysis consists of tting the line into a group of observations that results in

the minimum sum of residuals B4].
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