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Abstract: The primary objective of the research and analysis reported in this article was to determine
an effective method for predicting the luminance coefficient of the mineral mixture for asphalt concrete
and stone mastic asphalt. The luminance of the mineral mixture determines the final luminance
value of the surface. Predicting the luminance coefficient quickly will significantly improve the
mineral–asphalt mix design efficiency in selecting aggregates that meet functional requirements and
increase the brightness of the surface. The research process consisted of two stages. The first stage
covered modelling the Qd luminance coefficient of aggregate, taking into account its petrographic
analysis. The second fundamental stage, based on the research of the first stage, concerned the
modelling of the luminance coefficient of the mineral mixture, taking into account the percentage
share of a given component, its grain size, and its photometric properties. An effective technique of
reinforced trees was used for modelling. As a result of its application, a model match to experimental
data was achieved at the level of 87%. It has also been shown that the greatest impact on increasing
the luminance coefficient of the mineral mixture was the use of light aggregate (quartzite sandstone
or limestone) with a grain size of 2/5 in quantities > 40% or 8/11 in quantities > 60%. Furthermore,
the quartzite sandstone aggregates with a grain size of 5/8 had the highest efficiency in lightening the
mineral mixture. However, the use of basalt aggregates of the same fraction significantly worsened
the photometric properties of the mineral mixture. An important element of the research was also to
indicate that the mineralogical composition of the aggregate is crucial for an accurate assessment of
its luminance coefficient.

Keywords: luminance; road aggregate; machine learning; petrography; road pavement surface

1. Introduction

According to the nomenclature used in European countries, light surfaces are those
in which light aggregates and synthetic binders have been used, either colourless or in
light colours, caused by the presence of the appropriate pigment. On the other hand,
brightened surfaces are those in which traditional asphalts have been used as binders,
while the aggregates are from the light group. Bright surfaces are defined as surfaces
whose wear layer visually gives the impression of a bright surface. Invariably, in these
types of solutions, the aggregate itself [1] is an important element. The International
Commission on Illumination (CIE) [2] introduced the concept of luminance in 1982 to
evaluate the brightness of surfaces. As a result of this decision, many methods of assessing
this parameter have emerged. The purpose of illuminating roads, evaluated by luminance
coefficients q, was the need to improve the visibility of objects and traffic participants on
the road while minimising driver discomfort. The assessment of road surface luminance is
complex and still requires the refinement of measurement methods [3]. CIE introduced the R
class system, according to which, each surface is classified into one of four classes from R1 to
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R4. Each of the four classes has a defined light reflection array (r-table) containing a reduced
luminance coefficient [4]. Unfortunately, the R classification is based on measurements
from the 1960s and 1970s, and it should be taken into account that there have been changes
in the technology of making asphalt surfaces (mma) and the requirements for macrotexture,
and new types of asphalt aggregates [5] have been introduced.

A fundamental fact, increasingly noticeable in scientific publications and industry
articles, is that bright surfaces heat up less during periods of intense sunlight and provide
a higher contrast of the road profile compared to the roadside. It should not be forgotten
that a very important element of road illumination is also the reduction of the amount
of energy required to ensure adequate visibility at night. In this aspect, the amount of
energy consumed by lighting is about 1.3% used by road lighting in the EU [6]. However,
the following question remains: what should be considered when lightening the surface?
The reflection of a light beam from the surface of the road is a function of the physical
state of the road and its nature, as well as the direction of the light beam and observation
conditions [5]. Different surfaces may have different reflection characteristics, even though
the light intensity (measured in lux) is the same. Along with the change in reflective
properties of road surfaces, the luminance of pavement will also change [7]. Luminance is
closely related to the type of aggregate and the state of surface wear. Reflection from the
road surface is a function of the physical condition of the road and its character, as well
as from the direction of its illumination and observation conditions [5]. Different surfaces
can have various reflection characteristics, which depend on the texture of the surface
and its age, the materials making up the surface, the binding materials, and the ways of
arrangement. The criterion for their acceptance still remains its operational features [8].
Some light-coloured aggregates, such as quartzite sandstone, are aggregates obtained from
rocks with acidic reactions with an elevated level of SiO2. They have high roughness
coefficients that improve the anti-slip properties of the road surface [1,9]. On the other
hand, limestone aggregates, also of a light colour, are characterised by excellent adhesion to
aggregates but have low roughness. Therefore, there are certain contradictions between the
luminance of the aggregate and its potential for use. Despite the awareness of technologists
that the type of material in the road surface affects the luminance of the surface, the
phenomenon of light reflection is not directly taken into account when designing a mixture
in work [10]. This is mainly because there are no studies that would allow even approximate
surface luminance value to be obtained based solely on data about the components of the
mineral (mm) or mineral–asphalt (mma) mixture.

In the European Union, road lighting design is subject to regulations, with some
deviations depending on the member country. For the region of Poland, the document [11]
applies, which dictates the way lighting design takes into account the luminance coefficient
Qo. The average luminance coefficient determines the weighted average of luminance
coefficients for a certain area, in which the weights are the corresponding solid angle
observation values. The average luminance factor, Qo, can be calculated or read from the
r-table using the weighting factor procedure [12]. It has been demonstrated that the average
luminance coefficient Qo is strongly correlated with the average luminance produced on
the road surface [5]. In the 1990s, an alternative to Qo was introduced in the form of the
luminance coefficient under diffuse lighting Qd. The alternative “brightness” parameter Qd,
i.e., the luminance coefficient under diffuse illumination has been adopted for road marking;
however, the Qo parameter is still used in the road surface classification system adopted
for road lighting. The ability to accurately bring down the Qo values using r-tables to the
Qd measure, which was to some extent included in the CIE document [13], is significant.
The use of the Qd coefficient is possible due to the occurrence of a large correlation of the
Qo coefficient with the average luminance generated on the road surface [5].

Unfortunately, there are still no mathematical models to effectively predict the lumi-
nance coefficient of the aggregate/asphalt mixture under diffuse illumination Qd. The
existence of such a model or method of determination would allow the photometric prop-
erties of aggregates to be considered in the design of an asphalt mix. The Qin article [14]
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uses a linear regression model in the form of multiple regression to calculate perceived
luminance in the tunnel interior lighting environment. It was pointed out that this type
of regression technique is only applicable to the object under study, and its generalisation
requires consideration of more factors. A reason for the low applicability of regression
models based on the least squares method may be the observations in the work of Mazurek
et al. [15]. It indicates that the probability distribution of the luminance ratio is not normal.
The fact that certain minerals are present means that the probability density function is not
symmetrical and thus precludes the wider use of techniques based on parametric testing.
Therefore, the data mining (DM) technique should be proposed as an effective method.
This method provides simple regression or classification rules. However, it requires a large
learning dataset as the error rate is not as controllable as it is when using experiment plan-
ning techniques [16]. In addition, it also requires a full validation of the adopted model to
be performed. Solutions to complex problems for which no mathematical model is known
a priori are quite rare in road engineering using data mining techniques. Much more com-
monly, data mining techniques are so far mainly used to correctly predict the mechanical
or physical properties of road materials. In the work of Rebelo et al. [17], a number of DM
techniques were used to effectively predict the water resistance of mineral–asphalt mix-
tures. Gong et al. used DM to improve the rutting resistance of pavements [18]. In contrast,
Guo and Hao’s work [19] used a random forest algorithm to assess pavement durability,
using information on emerging damage. At the recent EATA 2023 conference in Gdańsk
(Poland), many works were presented in which machine learning techniques were used to
identify dangerous road conditions. The work of Phan et al. [20] uses machine learning
techniques (convolutional neural networks) to identify hazardous road surface conditions.
Also, the estimation of the stiffness modulus was determined successfully using the FWD
apparatus, taking into account a number of factors related to the measurement by means
of artificial neural network (ANN) or support vector machine (SVM) techniques [21,22].
The undoubted advantage of data mining (DM) methods is the consideration of a number
of variables, both qualitative and quantitative. It can therefore be used to predict road
performance parameters such as IRI [23] or skid resistance (SVR) [24].

There was much less interest in DM techniques for predicting the luminance coefficient
of asphalt pavements and the aggregate itself. It should be noted that the evaluation of these
parameters is complex and depends on the aggregate system, its origin, the macrotexture
of the pavement, etc. The degree of complexity in the prediction of the luminance ratio
means that classical methods based on the least squares method will be neither efficient
nor effective. There are few studies that attempt to apply DM techniques to the assessment
of luminance ratio. In their work, A. Del Corte-Valiente et al. used DM techniques to
manage street lighting [25]. In addition, the use of machine learning techniques is being
used successfully to assess luminance phenomena in public buildings [26,27].

Despite advanced luminance ratio measurement methods, there are insufficient anal-
yses of the extent of aggregate luminance ratio estimation in the world literature. The
conclusions of the study, as reported in [15], indicate that the mineralogical composition
of the aggregate is an important aspect in assessing the luminance level of the aggregate.
The promising results have encouraged further work to evaluate the luminance coefficient
of the mineral mix. The ability to develop an effective DM model for a mineral mix will
allow the luminance ratio of a mineral–asphalt mix to be effectively predicted with only
information on the luminance of its components. Therefore, the stated aim of the research
was to determine the rules and relationships among mineralogy, aggregate grain size,
the percentage of components, and the luminance of the mineral mixture using machine
learning techniques.

2. Materials and Methods
2.1. Aggregate

Aggregate meeting the Polish requirements of WT-1/2014 [28] and PN-EN 13043 [29]
for the construction of wearing layers of asphalt pavements was used in this study. Ag-
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gregates were taken using the quartering method. Aggregates for this study were selected
using the quartering method. This is a collection of aggregates that are commonly available
and used for pavement construction layers that came from areas of southern Poland. The
petrographic identification, granulation, and origin of the aggregate are shown in Table 1.

Table 1. Aggregate collection used to make mineral mixtures.

No. Type of Aggregate Granulation Type Region

1. Amphibolite 0/2, 5/8, 8/11 metamorphic Lower Silesia

2. Basalt 2/5, 5/8, 8/11, 16/22 igneous Lower Silesia

3. Gabro 2/5, 5/8, 8/11 igneous Lower Silesia

4. Granite 2/8, 8/16, 16/22 igneous Lower Silesia

5. Quartzite Sandstone
(Quartzite) 1

0/2, 2/5, 5/8, 8/11,
8/16 sedimentary Holy Cross Mountains

6. Palobasalt
(Melaphyre) 2

0/2, 2/5, 5/8, 8/11,
8/16 igneous Lower Silesia

7. Limestone 0/2, 2/8, 4/11, 5/11,
5/8, 8/11, 8/16, 16/22 sedimentary Holy Cross Mountains

1 In figures denoted as quartzite to maintain consistency with [15]; 2 in figures denoted as melaphyre to maintain
consistency with [15].

Table 1 also provides information on selected physical parameters of the aggregate
that is intended for wearing courses. All aggregate types met the requirements of EN
13043 [30] specifying the properties of aggregates for use in bituminous mixtures. Selected
characteristics are shown in Table 2.

Table 2. Performance of aggregate set used to create a DM model.

No. Type of
Aggregate Grain Size LA

[31]
PSV
[32]

ρa
[33]

Methylene
Blue Test

[34]

Grading of Filler
Aggregates

[35]

Flakiness
Index
[36]

1. Amphibolite 0/2, 5/8, 8/11 <25 >56 2.84

5÷7 *

max. 16 */max. 2 ** max. 20 **

2. Basalt 2/5, 5/8, 8/11,
16/22 <10 >50 2.96 max. 1 ** max. 18 **

3. Gabro 2/5, 5/8, 8/11 <15 >50 2.63 ÷ 3.0 max. 1 ** max. 15 **

4. Granite 2/8, 8/16, 16/22 <15 >50 2.65 max. 1 ** max. 15 **

5. Quartzite
Quartzite

0/2, 2/5, 5/8,
8/11, 8/16 <25 >56 2.64 max. 14 */max. 1 ** max. 14 **

6. Melaphyre 0/2, 2/5, 5/8,
8/11, 8/16 <15 >56 2.75 max. 14 */max. 1 ** max. 18 **

7. Limestone
0/2, 2/8, 4/11,

5/11, 5/8, 8/11,
8/16, 16/22

25 ÷ 30 44 ÷ 56 2.69 ÷ 2.72 - max. 16 */max. 2 ** max. 17 **

*—For fine crushed aggregate (D ≤ 2 mm), **—for coarse crushed aggregate (D > 2 mm).

It was essential to collect the representative sample correctly. Aggregate samples were
taken from an aggregate stockpile at five locations. The laboratory sample for testing was
obtained using the quartering method following EN 933-1 [35]. Limestones (white colour)
had a high LA coefficient, which would limit their use for wearing courses. Quartzite is also
a white-coloured aggregate. Its LA value was lower than that of the limestone aggregate.

On the other hand, this aggregate obtained the highest PSV value, which suggests its
high resistance to polishing and, hence, a decrease in vehicle stopping distance. However,
the quartzite aggregate has a low affinity with asphalt, which is a significant limitation
when used in asphalt mixes. The guiding idea is to use an aggregate with a maximum PSV,
minimum LA, and high adhesion to asphalt. None of the aggregates meet this criterion.
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Therefore, it is advisable to mix them, but there is a risk that many dark-coloured grains
will be found in the mix composition, effectively reducing the mineral mix luminance.

2.2. Luminance Ratio

Road brightness and visibility under artificial light in Europe are related to the distri-
bution of luminance and illumination on the road surface. The intensity of illumination
on a road surface refers only to the amount of light reaching the surface, which does not
indicate how bright the surface is. Illuminance (E) is the amount of incident light (luminous
flux Φ) per unit area (A). The SI unit of illuminance is lux (lx). According to the SI system,
illumination is expressed by Formula (1), as follows:

E =
dΦ
dA

(1)

Luminance, on the other hand, is defined as the luminance flux per unit projected area
and is a function of the illuminance on the road and the reflectance characteristics of the
road surface [37], according to Formula (2), as follows:

L =
dΦ

dΩ·dA·cosθ
(2)

where Φ is the luminance flux, A is the surface, Ω is the spatial noun, and θ denotes the
angle between the direction of the solid angle Ω and the emitting normal or reflecting
surface A. The geometry required to determine the luminance ratio is shown in Figure 1.
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Figure 1. The geometry of the luminance factor: α (angle of observation), β (angle between the plane
of incidence and the plane of observation), γ (angle of incidence), and δ (angle between the planes of
observation and the axis of the road on which the luminance factor q of the road surface is located
depending on the observation point P [38]).

In summary, the reflectance of a surface field can be described by a luminance factor
q, which is defined as the luminance of the surface field L, produced by illumination
and reflection, divided by the illuminance of the surface plane of the field E according to
Formula (3), as follows:

q =
L
E

(3)

The luminance factor q is measured in mcd·m−2·lx−1.
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2.3. Diffuse Luminance Coefficient Qd and Surface Reflectance Coefficient RL

EN 1436 [39] defines Qd as the ratio of the luminance of a surface area under diffuse
illumination in proportion to the illuminance at the surface plane. Qd is measured using
the spectral distribution of illumination according to a standard illuminator representing
daylight and an observation angle of 2.29◦ representing a geometry (observation distance)
of 30 m. A representation of the measurement of Qd is represented by the diagram
below (Figure 2).
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Surface reflection is strong in situations corresponding to driving against the sun. The
usual bounce is strong in situations corresponding to riding with the sun back. Suitable light
for a standard road configuration when confronted with dry and wet surface conditions is
assessed by optimising the lighting distribution function [40]. The degree of reflectivity of
a road surface traditionally depends on the averaged luminance coefficient Qo [12] and
the mirrored reflectivity S1 [41]. The average luminance expressed by the luminance factor
Qo, although still used, is a parameter that is difficult to measure in the small space of a
portable instrument. Therefore, from the 1990s onwards, the Qd factor was introduced to
characterise the reflectivity of road markings in daylight or under road lighting. Portable
units are available and are used widely for road markings and can also be applied to road
surfaces. However, no portable instrument determines the precise mirroring coefficient.
The luminance factor Qd, used in this study, takes into account the mirror effect, but to
a lesser extent than Qo. Therefore, the Qd parameter can be regarded as a reasonable
approximation of the Qo value for determining the illuminance required for road lighting
design. The Qd factor is also relevant when daylighting is poor (e.g., twilight) [40].

The standardised luminance coefficient Qd for the pavement, associated with the
r-table, can be determined using laboratory methods from a cut sample of the pavement
under field conditions using a reflectometer or by modern digital image analysis tech-
niques [42]. It is worth mentioning that the maximum luminance that can be obtained for a
given area when the surroundings have a constant luminance L is 318 mcd·m−2·lx−1. In
contrast, a value of approximately Qd = 52 mcd·m−2·lx−1 is attributed to “black” pave-
ments [41]. This type of luminance factor determines daytime visibility.

Another measure of luminance is the surface reflectance RL (mcd·m−2·lx−1). It is
defined as the quotient of the luminance L of the marking surface in the direction of
observation by the illuminance E in a plane perpendicular to the direction of incident light
and to the area of that reflective surface. The definition of RL is very similar to that of the
luminance ratio Qd and has the same unit. Typically, the surface reflectance coefficient RL
determines the reflectivity of pavement or horizontal markings illuminated by the light of
vehicle lamps. It is also referred to as night visibility. It is important in the absence of road
lighting. A diagram of its designation is shown in Figure 3.
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Figure 3. Coefficient luminance ratio in diffused light RL.

Road surfaces generally have RL values in the range of 10 to 30 mcd·m−2·lx−1. In
comparison, surfaces intended for road marking (containing glass spheres) can usually
achieve at least RL = 150 mcd·m−2·lx−1.

2.4. Test Stand for Measuring the Luminance Ratio

The test form used to test the aggregate and mineral mixtures complied with the orders
of WT-2/2014 [43], according to which the stable test area should be 700 mm × 700 mm.
In contrast, the void that is not to be measured should be filled with any rigid material.
The working area containing the aggregate was sized to match the working area of the
retroreflectometer (LTL-X Mark II) and was 320 mm × 235 mm. Each aggregate sample was
tested 5 times at different locations in the working area. Another sample was then taken
from another location in the aggregate stockpile (series). Each aggregate was assessed using
five series. As a result, for the determination of the coefficient, Qd and RL were measured
25 times for each aggregate against each grain size. Each test sample was pre-compacted
and levelled with a screed to obtain reference measurement conditions. The test stand is
shown in Figure 4.
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Figure 4. The measuring instrument and the luminance test stand: (a) LTL-X Mark II road retroreflec-
tometer; (b) mould with test sample; (c) scheme of the test stand.

The test stand was set up to determine the luminance coefficient of aggregates and
mineral mixtures. According to the Polish regulations contained in WT-2 [43] and PN-EN
1436 [39], the measurement of the luminance ratio should be carried out at an angle of 2.29◦

(equivalent to observing the road from a distance of 30 m from the position of a passenger
car driver). The measurement field should be a rectangle measuring 185 mm × 50 mm,
with an angular spread of ±0.17◦. This requirement was met by the LTL-X Mark II device
used to perform this study. The device allows two parameters to be specified, Qd and
RL, with the possibility of importing the results into a database. The test is performed in
fixed diffused light. The sample should be illuminated with a D65 standard light source
of constant luminance. The measurement is carried out when the ambient temperature
is between 0 and 30 ◦C and the temperature of the test sample/surface is between 5 and
40 ◦C. The Portable LTL-X Mark II device does not allow for the use of an observation
angle of 1◦, which prevents the observation of a section longer than 30 m. Therefore, the
value of the scattered light luminance coefficient Qd is an approximation of the luminance
coefficient Qo.

2.5. Validation of the Method

Every research method is subject to measurement error. The source of error may be
an operator, the measurement method itself, or inaccuracies resulting from the calibration
of the sensors on the measuring device. The effectiveness of the measurement method
was assessed to make sure that it is reliable and representative. The method (Section 2.4)
involved preparing an original test stand including the preparation of samples. Provisions
of ISO 5725-2 [44] were the basis for determining the accuracy and precision of the method.
The stability of the measurement process was evaluated using the procedures of the R&R
per AIAG [45] based on the analysis of variance (repeatability and reproducibility). To
validate the measurement method effectively, the experiment needed careful planning. This
involved breaking down the process into specific steps and identifying any factors that
might cause variability in the Qd and RL measurements. Hence, the validation process had
the following:

• Two operators;
• Two reflectometers;
• Four randomly selected aggregate samples (light and dark).

The results of the method validation are shown in Figure 5.
Two hundred measurements were used in this study. Figure 5 shows the operator

codes. Operator P represents measurements conducted at the Kielce University of Technol-
ogy. Operator D was assigned to another research centre participating in the comparative
study. The measurements were performed using a basic group of the following four ag-
gregates: melaphyre 2/5, quartzite 5/8, basalt 8/11, and dolomite 2/8, repeating each



Appl. Sci. 2024, 14, 5458 9 of 27

measurement four times. As shown in Figure 5, the reproducibility is high, and the repeata-
bility of the results is very similar. However, to definitively determine the process stability,
a table summarising the characteristics of the research process is presented below (Table 3).

Table 3. Assessment of measurement method stability.

Source
Qd RL

Value
mcd·m−2·lx−1 % of R&R Value

mcd·m−2·lx−1 % of R&R

Repeatability 6.41 8.26 2.24 4.45
Reproducibility 0.12 0.01 0.6 0.32

Part 21.37 91.74 10.35 95.23
Total R&R 6.41 8.26 2.32 4.77

Total 22.31 100 10.61 100
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Figure 5. Results of R&R procedure (validation).

Repeatability, reproducibility, and the contribution of R&R variability to overall pro-
cess variability (stability) are crucial characteristics of the measurement method. Table 3
reveals excellent repeatability for both Qd (6.4 mcd·m−2·lx−1) and RL (2.24 mcd·m−2·lx−1

i 0.6 mcd·m−2·lx−1) characteristics. The reproducibility of Qd is 0.1 mcd·m−2·lx−1. These
values are quite low, considering the significant variation in aggregate petrography and
grain size. The key metric is total R&R, reflecting overall measurement method stabil-
ity. Qd and RL achieved total R&R values of 8.26% and 4.77%, respectively. According
to AIAG procedures, a measurement process with a total R&R below 10% is considered
stable. This signifies that the proposed method and its results are representative and
highly reproducible by other trained operators using calibrated equipment. Low variability
demonstrates the reliability of the measurement method and the resulting data. This stabil-
ity is a crucial step for building reliable machine learning models. With this confirmation
for individual aggregates, this study progressed to analysing mineral mixtures.



Appl. Sci. 2024, 14, 5458 10 of 27

2.6. Mineral Mix Grading Curves

The structure of the input mineral mixture set was based on the use of the designed
compositions of 30 mineral mixtures intended for actual road surfaces subjected to category
KR5-7 (7.3·106 ÷ 52·106 ESAL) traffic loads. The compositions were determined using the
limit curves method for asphalt concrete mixtures intended for the wearing course. The
aggregate grading curves are summarised below (Figure 6).

The selected mixtures included SMA and AC. The maximum grain size D imposed
by WT-2/2014 [43] is 11.2 mm for wearing course mixtures. The top sieve sizes used in
the analysis were 8 and 11.2 mm, respectively. The mineral mixture skeleton reflected the
maximum variation in aggregate colour. It was important to prepare the mineral mixtures
exclusively from the aggregate base given in Table 1.
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2.7. Polarising Microscope Examination

The petrographic examination was performed using a polarising microscope. The
sampling process was performed using the quartz method in accordance with EN 932-1 [46].
Microscopic observations were made using eight prepared aggregate/rock slides on thin
plates, i.e., uncovered polished (universal) thin plates, which allow observation under both
polarised transmitted and reflected light.

This study aimed to describe the petrography of the aggregate/rock samples in terms
of mineral composition, rock structure, and texture, determine the types of cement, describe
the matrix, and determine the type of opaque minerals (observations under reflected light).
Observations of aggregate/rock preparations were carried out with an Olympus BX-51
polarising microscope using polarised transmitted light. Photographic documentation was
made using an Olympus SC18 camera.

3. Results
3.1. Luminance Coefficient Qd of the Aggregate vs. Mineralogical Composition

The detailed process of applying the boosted random tree (BT) algorithm required to
predict the luminance ratio Qd is explained in detail in the article [15]. The results that fell
within its scope provide the foundation for the search for further links that are the subject
of this article. A summary of the test results, regarding the change in Qd in relation to
aggregate type, is shown in Figure 7.

The unpublished Figure 7 shown represents the quality of the model fit by aggregate
type. Taking into account the level of fractions used in Table 1, the quality of the represen-
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tation of reality by the gradient-enhanced tree (BT) model was R2 = 0.96 with relative error
MAE = 4.3 mcd·m−2·lx−1. Observing the results in Figure 7, it can be seen that the greatest
dispersion of results was observed against the granite aggregate. With the results of the
resulting BT model [15], a projection was made to illustrate the probability density of the
predicted feature (Predicted Qd) by rock type. A graphical representation of the projection
is shown in a ridge diagram developed in R (Figure 8).
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based on work [15].

Considering the value of the luminance coefficient, classifying the road pavement as
black, Qd < 52 mcd·m−2·lx−1, it must be concluded that basalt aggregate and melaphyre
aggregate do not significantly affect the brightening of the pavement. In the case of gabbro
rock aggregate, it does not allow for pavement brightening in certain cases. A much more
favourable result in terms of magmatic rocks can be obtained by using aggregate from
amphibolite and granite rocks. According to WT-2/2014, for surface illumination, aggregate
with a Qd > 70 mcd·m−2·lx−1

, should be used, i.e., in the examined set, all with a luminance
coefficient close to the median value (Figure 8). In this group, the best results were obtained
using quartzite sandstone (sedimentary) aggregate and limestone (sedimentary). In this
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group, very good results can be achieved using granite aggregate (igneous). However, it
should be noted that all the rocks mentioned are formed differently and have different
mineralogical structures. Therefore, it is to be expected that certain groups of minerals
will be responsible for the luminosity factor Qd results obtained. However, before a
mineralogical analysis is carried out, it is worth projecting the RL feature, i.e., the level of
glare that the rocks generate from artificial light (car headlights). A graphical representation
of the probability distribution of the measured RL feature is shown in Figure 9.
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Figure 9. Probability density of predicted RL luminance ratio values relative to aggregate type.

Figure 9 indicates the average observed level of road surface reflectivity RL falling
within the range of 10 ÷ 30 mcd·m−2·lx−1. Basalt aggregate, similar to the Qd, does not
introduce any additional improvement in the reflectivity of the pavement. The amphibolite
aggregate also has a reflectivity similar to the road surface, although the level of the Qd
characteristic was significantly higher than the threshold value at which the pavement is
considered ‘black’. A significant contribution to reflectivity was observed in the results of
limestone, granite and quartzite sandstone aggregate. It is notable that among the results of
the reflectance coefficient in artificial light for quartzite sandstone aggregate, there was a cer-
tain group of results in quartzite sandstone aggregate with an RL value >70 mcd·m−2·lx−1.
The observed singularity and the lack of a strong correlation between Qd and RL suggest
that the mineralogical composition can definitely contribute to the understanding of the
aggregate luminosity phenomenon.

3.2. Regression Model of Aggregate Luminance Coefficient Taking Petrography into Account

The mineralogical tests carried out mostly correctly identified the type of aggre-
gate/rock, although some variation was noted in the following aggregate sample type:
amphibolite. All of them can be linked to the genesis of the deposit or the contamination
effect caused by the aggregate production process. Photographs of the rocks used for the
luminance ratio modelling, along with a view of the grinds, are shown in Figure 10.
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Figure 10. Rocks used in the mineralogical analysis: (a) amphibolite, (b) limestone (1); (c) basalt;
(d) quartzite sandstone; (e) limestone (2); (f) granite; (g) gabbro; (h) melaphyre.

The mineralogical evaluation was based on a petrographic examination of thin plates
under a microscope suggesting the study [47]. The analysis was performed, excluding de-
tailed geochemical analyses, using XRM microscopy. The state characterising the presence
of a certain mineral was expressed by the symbol T, while its absence was expressed by
the symbol N. The clustering results were performed using the dplyr and ggplot2 libraries
in the R programming language [48,49]. A graphical visualisation of the results of the
petrographic evaluation performed is shown in Figure 11.
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Figure 11. Mineralogical evaluation of the aggregate.

Observing the results shown in Figure 11, it should be noted that the brightness of the
aggregate does not depend on the presence of only one type of mineral. For sedimentary
rocks (limestone), calcite was the dominant mineral, sedimentary rocks (quartzite sand-
stone) were dominated by quartz, and in igneous rocks, plagioclase and pyroxene were
dominant. Observing the preliminary results, it was found that the contribution of quartz or
calcite was definitely responsible for the high Qd level. In contrast, by simple elimination,
the mineral mica was probably responsible for the high reflectivity state at night (RL).
Thereby, its pearly sheen might have affected parameter RL. With the petrographic evalua-
tion and the specified aggregate granulation available, an attempt was made to analyse
their influence on the Qd characteristic. The petrographic analysis presented indicates that
a single mineral was not attributed to a single rock type from which the aggregate range
was produced. In the case of quartz, its occurrence was observed in granite and quartzite
sandstone. Calcite, on the other hand, is characteristic of sedimentary rock (limestone).
Therefore, there is a high probability that the formulation of the regression model based on
the boosted tree (BT) technique will produce additional rules that describe the luminance
phenomenon in the aggregate even more accurately and the resulting luminance coefficient
value will have minimal estimation error.
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The input file used to build the model was based on the data collected during the
petrographic analysis and the data given in Table 1. The BT technique was chosen for the
analysis in order to be able to refer to the results in the paper [15]. The optimal learning
parameters were determined after taking the tuning process into account. The number
of trees was limited to 400. During the construction of the BT model, a learning ratio η

of 0.1 was used [50], while the ratio for randomising the learning samples in successive
amplification steps was 0.5, suggesting the recommendations in the paper [51]. The final
BT model was characterised by a tree structure with a maximum depth of 10 levels. It was
very important to avoid ‘over-learning’ when learning the model, so the regularisation
parameters α = 1, λ = 0 [52] were subjected to a fine-tuning process. The final model was
built with a tree count of 174. The analyses obtained were performed using Statistica [51].
The learning flow and parameter validity, using the RMSE metric, are shown in Figure 12.
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Figure 12. BT model learning results: (a) optimal number of trees; (b) predictor validity graph. 
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Note the results of the importance indicators. The predictor validity graph (Figure 12b)
suggests that the feature related to the reflective properties of the aggregate illuminated
by car headlights had the greatest influence on the formulated set of rules for the learning
process. In addition, the aggregate grain size had a very important influence on the
discriminatory rules obtained. There is a logical rationale for this, as a higher proportion
of fine aggregate results in an increase in its volumetric proportion in the composition
of the mineral mixture and an increase in its specific surface area. With regard to the
mineralogical composition, the percentage of minerals such as pyroxene, plagioclase, and
olivine mainly determined the distribution of the aggregate luminance value (Qd). Of the
mineral assemblage, calcite (limestone and quartzite) and potassium feldspars (granite)
played an important role in shaping the high clarity of the aggregate. It can be added that
these minerals are mainly colourless, white minerals with a glassy shine. The analysis
carried out was complemented by a variability graph developed based on the predicted
results of the Qd trait using the BT model. The diagram below is shown in Figure 13.
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Figure 13. Graph of the variability of the projected Qd value of the aggregate. 
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Figure 13. Graph of the variability of the projected Qd value of the aggregate.

Observing the results in Figure 13, it should be noted that the presence of a pyroxene-
type mineral strongly divides the whole community into dark- and light-coloured aggre-
gates according to the classification of the report [52]. According to its results, an aggregate
with a luminance ratio of Qd < 70 mcd·m−2·lx−1 is an aggregate that is considered dark.
It should be noted that pyroxene is a major component of deep-sea magmatic rocks, e.g.,
basalt. A very high Qd value was obtained for rocks containing calcite, which is the
main component of a sedimentary rock such as limestone. The same picture is given by
rules characterised by the presence of plagioclase and quartz, i.e., granitic rock. A very
interesting observation is the interaction of quartz and mica, the minerals found in some
grains of quartzite sandstone aggregate. The interaction of these two minerals allowed for
achieving Qd > 100 mcd·m−2·lx−1, which means aggregates with high lightening values
for the potential road surface. The presence of the mineral mica (lat. ‘shine’) has already
been signalled as improving the reflectivity of the aggregate in artificial light. In order to
compare the effectiveness of the modelling including petrographic analysis, the results
of the model including mineralogical composition were compared with the results pro-
vided by the model included in the work [15]. The following three metrics were used
for benchmarking:

• Root mean square error (RMSE);
• R-squared (R2);
• Mean absolute error (MAE).

The results of the comparison are shown in Table 4.
Observing the results in Table 4, it should be noted that the degree of improvement

in the prediction of the Qd trait value compared to the results in the [15] paper increased
slightly (MAE decrease of only 0.2 mcd·m−2·lx−1). The consideration of the mineralogical
composition was of greater importance in the cognitive context of the aggregate luminance
phenomenon. In the regression approach analysed, expressing the petrographic charac-
teristics using only the name of the rock from which the aggregate was produced can be
considered sufficient from the point of view of the predictive quality of the model. It is
likely that extending the research programme to include rock chemistry would have a far
greater impact on the accuracy of aggregate luminance ratio prediction.
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Table 4. Result of fitting the BT model taking into account the analysis of the petrography of the
variable Qd.

Metrics BT Model with Petrography Analysis The BT Model Included in the Paper by Mazurek et al. [15]

R2 0.97 0.96
RMSE, mcd·m−2·lx−1 5.8 6.2
MAE, mcd·m−2·lx−1 4.1 4.3

3.3. Regression Model of the Luminance Ratio for the Mineral Mixture

The modelling of the luminance coefficient value Qd of the mineral mixture was based
on the conclusions and results of the luminance coefficient modelling for the aggregate.
The model developed in Section 3.2 was selected for further analysis as it allowed for a
reduction in the forecast error attributed to the aggregate. However, it should be borne in
mind that the inclusion of a model incorporating the results of the mineralogical analysis
will increase the quality of the luminosity ratio prediction but will definitely reduce its
usefulness from the point of view of practical applications. This is due to the fact that
mineralogical analyses are rarely performed in the road industry for a given aggregate.
Independently of this, the experience and results of the model given in the paper [15] can
also be used for the analysis in the absence of detailed petrographic investigations.

As mentioned before, the structure of the mineral mix input set was based on the
use of designed compositions of 30 mineral mixes for real road pavements loaded with
medium traffic of category KR5-7 (7.3·106 ÷ 52·106 ESAL). All the mineral mixtures were
designed for the pavement-wearing course made of asphalt concrete and stone mastic
asphalt. All mineral mixtures had to comply with the grain size requirements applicable
in Poland, according to WT-2/2014 [43]. The introduction of such conditions ruled out
the possibility of using a single type of aggregate, as its crumb pile would have prevented
the compaction of a mineral and asphalt mixture (mma) made with it under real-world
conditions. Another limitation was due to the acidity of the rocks, i.e., the silica content
(SiO2). The use of acid rock, e.g., quartzite sandstone and granite, would result in a loss
of the required water resistance of the mma due to the low adhesion of these rocks to the
asphalt. On the other hand, the use of an aggregate with a high adhesion with limestone
will not provide the required value of resistance to fragmentation (Los Angeles coefficient)
LA < 40. Taking all conditions into account, the mineral mixture consisted of three to
four aggregates of different granulation types (Kx). The advantage of doing it this way
was that it was possible to replicate the actual mineral and asphalt mixtures that were
used to produce the mma and thus the rules that were specified in the model applied
to real conditions. The knowledge-containing model developed in the previous chapter
for predicting the luminance coefficient of the aggregate (Qx) was implemented in the
modelling of the luminance coefficient of the mineral mixer in the form of an XML exchange
file. The number of results in the input set was 450 and its structure is shown in Table 5.

Table 5. Structure of the input set for the determination of Qd of the mineral mixture.

Quantitative Dependent Variable

Luminance ratio in diffuse light (Qd) mcd·m−2·lx−1

Surface reflectance (RL) mcd·m−2·lx−1

Quantitative independent variable (quantitative predictor)

The luminance coefficient Qd for the aggregate
(value derived from model described in

Section 3.2), Qx
mcd·m−2·lx−1

Percentage fraction of aggregate, Px %
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Table 5. Cont.

Quantitative Dependent Variable

Qualitative independent variable (qualitative predictor)

Aggregate grain size, Ux 0/2, 2/5, 2/8, 5/8, 8/11

Type of aggregate, Px
Limestone,

Quartzite Sandstone, Melaphyre, Granite,
Amphibolite, Basalt, Gabro

Number of fractions in mm, Kx from 3 to 4

When building the model, the finest fraction of the U1 aggregate with a grain size of
0/2 was not included. This type of fraction would definitely falsify the luminance ratio
result. In addition, the fine aggregate fractions are surrounded by the asphalt to form a
mastic (fine aggregate and asphalt binder); therefore, it would be unreasonable to leave
this fraction in mm. Nevertheless, they are taken into account during the design of the mm
composition. An algorithm for proceeding to model the luminance ratio of the mineral
mixture in the form of a flowchart is shown in Figure 14.
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the mineral mixture.

The task at hand was new, so to select an appropriate DM technique, the tool provided
by the Statistica package included in the Data Miner Recipes module was used. Its operation
and outcome should be seen primarily as a feasibility study as to the integrity of the dataset,
as well as an indication of the technique that is likely to be most effective for luminance
ratio prediction. The following four DM regression techniques were initially selected for
the task:

• Random forest (RT);
• Neural network (ANN);
• Reinforced random trees (BT);
• Classical random trees (C&RT);
• Multi adaptive regression splines (MARS).

The best machine learning model had to exhibit the smallest RMSE value among their
models. In the case of the MARS model, it was required to give quality labels to some of
the variables, and this technique ultimately proved unsuccessful. The C&RT technique also
failed to produce a satisfactory prediction result. A summary of the preliminary results is
shown in Table 6.
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Table 6. A preliminary review of machine learning techniques for the prediction of the Qd feature of
a mineral mixture.

Name Mean Sum of Squares of
Residuals (RMSE), Learning Correlation, Learning Selection for Evaluation

Reinforced trees 35.69 0.93 TRUE
Neural network 37.43 0.92 TRUE
Random forest 91.5 0.85 TRUE

C&RT 158.61 0.71 FALSE
MARS - - FALSE

Of all the learning techniques, the reinforced tree (BT) algorithm was selected for
further evaluation. The results of the quality of fit obtained took into account the use of
all the results in the set without dividing them into a teaching and test set. The modelling
function has undergone a fine-tuning process. This process was performed using the caret
library available in the R programming language, which allows any modelling function
to be effectively tuned. The following parameters were taken into account in the fine-
tuning process:

• nrounds—controls the maximum number of iterations;
• η—controls the learning rate;
• γ—controls regularisation (or prevents overfitting);
• max depth—controls the depth of the tree;
• min. child weight—refers to the minimum number of instances required in a child node;
• subsample—controls the number of samples (observations) supplied to a tree.

The tuning process consisted of iterating specific combinations of BT model parameters
(xgbTree method) considered in a fixed parameter grid using also a cross-check. Cross-
validation was introduced to avoid excessive overfitting of the model built from the training
set. Then, after a time-consuming calculation process, the result was presented in the form
of a vector of parameter values at which the model achieved the highest efficiency. The
RMSE metric was used as a criterion for selecting the best model. A graph representing an
extract of the RMSE results from the parameter tuning process is shown in Figure 15.

Appl. Sci. 2024, 14, x FOR PEER REVIEW  20  of  28 
 

Table 6. A preliminary review of machine learning techniques for the prediction of the Qd feature 

of a mineral mixture. 

Name  Mean Sum of Squares of Residuals (RMSE), Learning 
Correlation, Learn-

ing 

Selection for Evalua-

tion 

Reinforced trees  35.69  0.93  TRUE 

Neural network  37.43  0.92  TRUE 

Random forest  91.5  0.85  TRUE 

C&RT  158.61  0.71  FALSE 

MARS  -  -  FALSE 

Of all  the  learning  techniques,  the  reinforced  tree  (BT) algorithm was selected  for 

further evaluation. The results of the quality of fit obtained took into account the use of all 

the results in the set without dividing them into a teaching and test set. The modelling 

function has undergone a fine-tuning process. This process was performed using the caret 

library available in the R programming language, which allows any modelling function 

to be effectively tuned. The following parameters were taken into account in the fine-tun-

ing process: 

 nrounds—controls the maximum number of iterations; 

 η—controls the learning rate; 

 𝛾—controls regularisation (or prevents overfitting); 

 max depth—controls the depth of the tree; 

 min. child weight—refers to the minimum number of instances required in a child 

node; 

 subsample—controls the number of samples (observations) supplied to a tree. 

The tuning process consisted of iterating specific combinations of BT model parame-

ters  (xgbTree method)  considered  in  a fixed parameter  grid using  also  a  cross-check. 

Cross-validation was introduced to avoid excessive overfitting of the model built from the 

training set. Then, after a time-consuming calculation process, the result was presented in 

the  form of a vector of parameter values at which  the model achieved  the highest effi-

ciency. The RMSE metric was used as a criterion for selecting  the best model. A graph 

representing an extract of the RMSE results from the parameter tuning process is shown 

in Figure 15. 

 

Figure 15. Selected results of tuning model parameters. Figure 15. Selected results of tuning model parameters.



Appl. Sci. 2024, 14, 5458 20 of 27

Finally, the best model, with the lowest RMSE value, after the tuning process was
carried out, was characterised by the parameters that are given in Table 7.

Table 7. Parameter values after the BT model tuning process (learning set).

η
Max

Depth γ Subsample
Min.

Child
Weight

Nrounds RMSE R2 MAE

0.05 5 5 0.5 3 120 7.1 0.82 5.7

It should be noted that the test set was used to verify the value of nrounds, the value of
which was finally set as 120. Further increases in the nrounds parameter led to overfitting of
the BT model. The quality of the model fit containing the results of the entire set (learning
and test set) between the feature Qdobs (observed values) and the set of predicted values
Qdpredic was R2 = 0.87, MAE = 4.4 mcd·m−2·lx−1 and RMSE = 5.7 mcd·m−2·lx−1. The
quality results obtained were considered satisfactory. It was also important to assess the
quality of the model by analysing its structure by means of a validity chart of the variables.
On the basis of these, it is possible to assess which variable has the greatest influence on the
distribution of trees and the relationship between them and allows practical conclusions to
be drawn. Variable importance plot and quality of fit model Qdpredic vs. Qdobs are shown
in Figure 16.
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Observing the results in Figure 16b, it should be noted that the luminosity coefficient of
aggregate fraction (component) No. 2 and No. 3 (Q2, Q3) had the greatest influence on the
determination of rules when building the BT model. The percentages of fractions two (P2)
and three (P3) were also very significant. An interesting note comes from the assessment of
the importance of the following feature interactions: K3-Basalt and K3-Quartize. This was
most likely due to the presence of pyroxene in the aggregate, which clearly separates the
community into light and dark aggregates (as per Figure 8). Thus, the presence of these
rocks in fraction 3 will significantly affect the final luminance value of the mineral mixture.
The granularity of the grain size (Ux) was also important, although no longer as important
as the characteristics mentioned. In order to understand the structure of the set, partial
dependence plots were used, the purpose of which was to determine the strength of the
influence of a given variable while marginalising the influence of the others and expressing
it in terms of an average value of the Qd characteristic (denoted as yhat). It is a useful
analytical tool, especially when we are interested in the logical justification of the presence
of variables, and when we are looking for general conclusions of a practical nature. The
information in Figure 16 is developed and graphically presented in Figure 17 by type of
component in the mineral mix (excluding component 1).
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Figure 17. Partial diagrams of the relationship: (a) aggregate type (Kx); (b) aggregate luminance
coefficient (Qx); (c) aggregate percentage (Ux).

Due to the small effect of aggregate granulation on the Qd value (Figure 16b), a
subgraph (Ux) was not made for this variable. In contrast, the influence of the characteristics
Kx, Qx, and Px was much more significant. Before carrying out the analysis, it is useful
to indicate what granularity each mineral mixture component had. Aggregate No. 2
(appropriately described by features K2, Q2, P2) could occur as a fraction, 2/5 or 2/8,
aggregate No. 3 could occur as a fraction, 2/8, 5/8, while No. 4 could occur as a fraction
8/11 or no fraction. An analysis of Figure 17a indicates the greatest influence on the high
brightness of the granite aggregate in fraction No. 2 (K2). In addition, the introduction of
quartzite sandstone aggregate as a component of K2 and K3 had a very favourable effect
on the luminance coefficient of the mineral mixture (mm). The opposite was the basalt
aggregate, the presence of which had the opposite effect. It was much more interesting
to find out at what average percentage of luminous aggregate the effect of an increased
mm luminance value could be obtained, depending on the component type. Figure 17b,c
show that the proportion of Q2 aggregate with a fraction of 2/5 or 2/8 above 40% and with
a luminance coefficient Qd > 70 mcd·m−2·lx−1 caused a sudden increase in the Qd mm
characteristic (increase in yhat value). Similarly, in the case of ingredient No. 4 (fraction
8/11), an increase in its share >60% (P4) in the mm composition containing bright aggregate
caused a significant increase in the brightness of mm. In component No. 3 (fractions: 2/8
or 5/8), the greatest impact on the luminance coefficient mm was caused by a percentage
share from 25% to 50%, and only then when the aggregate from Qd > 80 mcd·m−2·lx−1 was
used. Only quartzite sandstone or granite aggregate could provide such a result. Ingredient
No. 4, i.e., aggregate with a fraction of 8/11, only mattered when its share was >60%. This
result is justified when its specific surface area is taken into account. Aggregate of this
grain size will definitely have a lower specific surface area than the finer fractions found in
components 2 and 3. Consequently, the coarsest fraction (No. 4) will have far less impact
on the luminance ratio than the fine fraction. However, it should be remembered that
the coarse fractions are responsible for the high resistance of the mineral–asphalt mixture
(mma) to permanent deformation. Therefore, optimising the composition of the mma for
the sake of maintaining high resistance to permanent deformation is likely to reduce the
potential of the light aggregate to lighten the pavement. The luminance ratio can also be
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determined from other assessments. The value of QD can also be determined by using the
weighted mean according to Formula (4), as follows:

Qdmean,weighted =
PiQi + . . . + PnQn

∑n
i=n Pi

(4)

where Qdmean,weighted is the weighted mean of luminance coefficient mm and Pi is the
percentage of aggregate in the i-th component mm, luminance coefficient of an aggregate
of the i-th component. The results of the projected Qdmean.weighted value are presented
graphically in the summary of results shown in Figure 18.
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Figure 18. Comparison of Qdpredic forecast value based on BT and Qdmean.weighted model.

The quality of the model fit based on the Qdmean.weighted calculation decreased from
R2 = 0.87 (based on the BT model) to 0.71. This decrease can be explained by the variation
in the weighted average value of 12%. However, by observing deviations from the line
of proportionality, the model using a weighted average is unable to explain many of the
outliers that arose during the analysis. This is because the distribution of the aggregate trait
Qd did not have a normal distribution and is characterised by multimodality (Figure 8).
Thus, the central measures used in the parametric tests will not allow for an adequate
prediction of the results of such a complex quantity as the luminance factor Qd of the
mineral mixture, and the resulting residuals will not meet the homoscedasticity condition.

It should be made clear at this point that the interpretation of the results obtained from
the BT model relates only to the set of aggregates used for the analysis, and the relationships
occurring between the components also resulted from the regulations imposed by the
technical requirements WT-1/2014 for aggregates and WT-2/2014 for the composition of
mineral mixtures in force in Poland. However, there is nothing to prevent this model from
being further evaluated using other mineral compositions subject to different compositional
rules. The resulting set of results covers a wide spectrum of the luminance coefficient Qd,
as well as the labelled RL coefficient. In summary, the probability distribution of the results
occurring in the experiment is shown in Figure 19.
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Figure 19. Probability distribution of the predicted diffuse luminance coefficient (Qdpredic) and the
labelled luminance coefficient under artificial light (RL).

The range of luminance ratio results predicted by the Qdpredic model is between
28 mcd·m−2·lx−1 and 116 mcd·m−2·lx−1. In contrast, the RL factor most often obtained a
value in the range 35 ÷ 40 mcd·m−2·lx−1 during the tests. It is the intention of the authors
to further validate and calibrate the developed model predicting the luminance coefficient
Qd of the aggregate, as well as the mineral mixture. In the next step, the relationships
between the aggregate, mineral mix, and mineral–asphalt mixture subjected to wear and
tear and the luminance coefficient will be sought. The main objective is to build a DM
model to predict the luminance ratio at the design stage of the mineral–asphalt mix.

4. Conclusions

It should be noted that aggregate resources are not inexhaustible. Therefore, their
availability on the market will decrease over time. Currently, mines regulate the amount
of extracted aggregate using the principle of sustainable development. Therefore, the
amount of aggregate that is extracted depends on the forecasted demand in the long-term
perspective. Moreover, it should also be taken into account that in the bituminous mixtures,
there are also recycled aggregates, which will also require the assessment of properties
and affect the pavement luminance value. Therefore, an effective numerical model will
definitely facilitate their selection for the composition of mineral mixtures. The modelling
process presented here proved that a very good representation of the luminance coefficient
of the aggregate and the mineral mixture made with it can be obtained using machine
learning techniques. Thus, the ability to predict the luminosity of a mineral mix will allow,
at the design stage of a mineral and asphalt mix, the composition of the mix to be selected in
such a way as to achieve the maximum level of luminosity while maintaining the required
mechanical characteristics. The research and analysis resulted in the following conclusions:

• The use of machine learning techniques is an excellent tool for modelling the luminance
ratio of aggregates and mineral mixtures;

• The inclusion of a thorough petrographic analysis in the prediction of the aggregate
luminance ratio resulted in some improvement in the prediction of the aggregate
luminance ratio compared to the case in which its influence was expressed solely by
the name of the aggregate;
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• The mineral that was most decisive in the division between dark and light aggregates
was pyroxene, which was characteristic of igneous rocks such as basalt and melaphyre;

• The mineral that is probably responsible for the increased reflectivity (nighttime
visibility) was mica found in quartzite sandstone, among others;

• The best results in terms of surface brightening with Qd > 70 mcd·m−2·lx−1 were
obtained with quartzite sandstone (sedimentary) and granite (igneous), in which the
quartz mineral predominated. In contrast, the sedimentary rock class was limestone,
which contained mainly calcite;

• The amplified random tree (BT) technique used, supported by additional tuning and
cross-check (test set) procedures, allowed the construction of a stable BT model charac-
terised by an absolute error of MAE = 5.7 mcd·m−2·lx−1 and RMSE = 4.4 mcd·m−2·lx−1.
The correlation value of the predicted values against the observed values was 87%.
The present model effectively eliminated the singularities present, minimising outliers;

• The greatest influence on the construction of relationships in the amplified random
tree model was the percentage and value of the luminance ratio of mainly the 2/5 and
2/8 fractions;

• An analysis of the individual impact of variables on the variability of the predicted
BT model indicates that the use of light aggregate fractions with a grain size of 2/5
in quantities >40% or light aggregate 8/11 in quantities of 60% provides a rapid
improvement in the degree of lightening of the mineral mixture;

• The presence of 5/8 fraction quartzite sandstone showed the best results in terms of
brightening the mineral mix. In contrast, a sharp decrease in the luminance coefficient
was recorded in mineral mixtures in which basalt aggregate occurring in the 5/8
fraction was used;

• It is important to note that the machine learning technique adopted was chosen as
the most effective due to its quality in predicting the luminance coefficient. This does
not mean that other techniques will not be effective. The development of artificial
intelligence can provide new models with architectures that will be decidedly better
than the BT technique. The authors of this publication are still working on improving
the machine learning model.
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