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15  Abstract Self-healing within asphalt pavements is the process \\\zvl@eby road cracks can
16  be repaired automatically when thermal and mechanical &ﬁns are met. To accelerate
17  and improve this healing process, metal particles are @e o‘asphalt mixtures. However,
18  this approach is costly both in economic and envi ept?terms due to the use of virgin
19  metallic particles. So, even though the se aling of asphalt mixtures has been widely
20  addressed in experimental terms over thie years, there is a lack of research aimed at mod-
21  elling this phenomenon, especially with thejpurpose of optimizing the use of metal parti-
22 cles through the valorization of industrial by-products. As such, the goal of this study was
23 to develop a statistical meth(&lm 'model the healing capacity of asphalt concrete
24 mixtures (AC-16) from the &racterlstics of the metal particles added and the time and
25  intensity used for magnetic 1 &ion. Five metal particles were used as heating inductors,
26  including four type ustrial by-products aimed at transforming waste products into
27  material for u %oad sector. The proposed approach consisted of a combination of
28  cluster algor" %ltiple regression analysis and response optimization, which were
29  applied toamod&«laboratory data obtained after testing asphalt concrete mixtures contain-
30 ing ihlJo;s. The results proved the accuracy of the statistical methods used to
31  reproduCe the experimental behaviour of the asphalt mixtures, which enabled the authors
32 to detemmine the optimal amount of industrial by-products and time needed to make the
33  self-healing process as efficient as possible.
34
35 Keywords Asphalt mixtures; Cluster analysis; Industrial by-products; Multiple regres-
36  sion analysis; Response optimization; Self-healing; Waste Valorisation.
37
38 1. Introduction
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Self-healing technology has revolutionized the design, construction and maintenance of
asphalt pavements, and can have great economic and environmental effects on the con-
struction industry. The most efficient self-healing concept for asphalt pavements, is in-
duction healing. Induction healing allows asphalt pavements to repair within 3 minutes
of exposure to induction heating. However, the main drawback to this induction aided
self-healing approach is the amount of metal particles required in the asphalt mixtures to
enable efficient and effective asphalt repair [1].

To achieve induction healing, the amount of metal particles usually added to asphalt
mixtures is 5-10% of the bitumen [2—4], which translates into 0.28-0.55% of steel parti-
cles in the mixture. Currently, steel fibre costs €855-873 per tonne, a value which, is ex-
pected to increase in the future due to the growing demand for steel from the/co %on
industry. The average cost of asphalt in the EU is €562 per ton [5]. If Steel¥is added to
asphalt mixtures in a percentage of 0.28-0.55%, the cost of as ixtures per tonne
would increase by between 50-100%. As such, these econon[t(jider tions make the
adoption of this technology unaffordable for the road owners in the asphalt industry.

However, in line with previous studies on the inco atﬂl of waste materials into
asphalt pavements for different purposes [6—8], rece kaﬁons have explored the
use of metal by-products as a means of improvin resurce and recycling efficiency
of the self-healing process [4,9—11]. Research on self-healing for asphalt pavements have
primarily focused on the experimental gharacterization of the healing capacity of asphalt
concrete [ 12—14], porous asphalt [4,15,16]and stone mastic asphalt [ 17] mixtures through
the addition of virgin metal particless,

A few studies have addre&dMufnerical modelling of asphalt self- healing using
either mechanistic or discre‘apprcﬁhes. Qiu et al. [18] developed a cohesive zone
model based on non-lin Me mechanics with the support of finite element code to
reproduce a monotonic leading-healing-reloading procedure. Although modelling and ex-
perimental re um in acceptable agreement, they differed from each other in terms
of long-term Went. Magnanimo et al. [19] used a discrete element method to
model the,mact\scop’ic self-healing response of asphalt mixtures when subject to uniaxial
co sicﬂt#gion) tests [20]. Again, the model captured the basic behaviour of asphalt
mimu‘f’they recommended further research into their strain-rate dependence. Yang
et al. N] applied the discrete element method to simulate the fracture strength recovery
ratio of single-edge notched asphalt mixtures after induction healing. Their simulated re-
sults qualitatively matched the experimental tests in terms of peak load and slope of load
increase.

Other authors have approached the healing of asphalt mixtures as their recovery ca-
pacity during mechanical tests. Chowdary and Murali Krishnan [22] tested the accuracy
of a constitutive modelling framework to replicate healing experiments carried out
through repeated triaxial tests. Luo et al. [23] used an energy-based mechanistic approach
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to characterize the decrease of damage density during the healing process of asphalt mix-
tures based on a step-loading recovery test. Levenberg [24] formulated a non-linear vis-
coelastic constitutive model to simulate the healing capacity of asphalt concrete during
recovery intervals of uniaxial compression and standard complex modulus experiments.
They all reached a satisfactory graphical fit to their laboratory results.

All of these investigations assess the ‘goodness-of-fit’ of their models qualitatively,
in other words, they lack any numeric measure to guarantee the validity of the simulated
results. Moreover, some of these studies highlighted the complexity of modelling asphalt
mixtures through numerical methods, due to their shape, size, distribution of aggregates
and air voids or chemistry [22], while others highlighted the optimization of t& aling
process as an important step to ensure durable asphalt pavements [18]

seMeahng be-

haviour of asphalt mixtures. In comparison with numerlcal es tatistical meth-

As a result of these considerations, a research gap was 1dent1ﬁ t10n to the
development of a simpler and more accurate method of op &

ods provide a more accessible means of modelling physical phenb a through the math-
ematical combination of a set of contributing factors, wi%dr}

ity of testing significance hypotheses to verify the Va@y
this study aimed at designing a statistical frame odel the healing capacity of
asphalt concrete mixtures, enabling the prediction of ¢ ther the amount of metal particles
or the heating time needed for achieving’ ﬁinﬂd repair performance, depending on

value of their capac-
results achieved. Hence,

the preferences of the decision-makers. underlying objective is the valorisation of

metal waste through the optimizatien of the“self-healing process in asphalt mixtures in
terms of either resource or tir&e“ﬁ@y.
«f

2. Methodol ‘\
. Me ooogy()

The proposed orkdwas intended to facilitate the modelling of the healing potential
of asphalt mixtures containing metal additives as heating inductors, based on the coupling
of experlmenta}and statistical methods. A series of laboratory tests were designed in the
firs ¢t0 enable the characterization of both metal particles and asphalt mixtures
in te of héaling capacity. The experimental results were then modelled using a com-
bina‘:ix of statistical techniques including cluster analysis, regression analysis and re-

sponse optimization.
2.1. Experimental Setup

The laboratory work focused on the determination of the Healing Ratio (HR) of asphalt
mixtures. HR is a measure that compares the strength of an asphalt mixture before and
after a three point bending test [3]. All of the steps required to calculate HR, shown in
Figure 1, are explained in detail below.
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Figure 1. Flowchart of the experimental steps (a to j) conducted in labora &mk the healing
ratio (HR) of asphalt mixtures: (a) mixture dosage, (b) specimen manufacfiring,{c) andi¢h) cooling-down
times, (d) breaking test after healing, (e) and (g) rest period times, (f) specimiefijoint and magnetic induc-

tion, (h) three point bending test before healing and (j) HR cawlation.

’

The first stage (Figure 1(a)) was the dosage of a@&ures, which consisted of

the following components: ophite stone as coars regate and limestone as fine aggre-

gate (from 0.063 mm to 2 mm), conventi umen 50/70 and metal particles of dif-
ferent nature to enable the healing proéess de%gnetic induction. Up to 5 different
mixtures were studied by only changing this)last component and then adjusting the dosage
to fit the particle size distribution of#a dense asphalt mixture (AC-16), as depicted in Fig-
ure 2. To this end, both the p&ick‘lzd distribution (UNE 933-1) [25] and the specific
weight (kg/m®) of the mixtur‘were gculated through the pycnometer method following

the UNE 1097-4 [26] st(]aj\
RS
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Figure 2. Particle size distribution of a dense asphalt concrete mixture (AC-16)
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The materials used as metal particles, which are shown in Figure 3, included virgin
steel grits (VM), by-products from blasting processes in the form of steel spheres (SBP)
and grits (GBP), dust by-products filtered from blasting processes (FBP) and green slags
from metal manufacturing (GSBP). In all cases, they were waste materials from metal
manufacturing processes. As such, they are potentially a valuable resource that can be
used in the design and production of asphalt mixtures to improve the healing process in
economic and environmental terms. These by-products were used as heating inductors
and/or supplementary aggregates either in isolation or in combination with each other.
Their heating capacity was measured by testing them under magnetic induction and reg-
istering the temperature they achieved, if any, using a thermal camera. &

Figure 3. Metal Particles used w

The next step, represented in Figure w@r::l:ufacturing of the mixtures, in
which ferromagnetic particles were ad¢d togethef with the fine aggregates. The distri-
bution of these particles into the specimens was assumed to be uniform, since no for-
mation of clusters was observed during their mixing. The sample size corresponded to
half-height Marshall specime M ’vere compacted by 40 blows each side using an
impact compactor [11]. The{duced imensions of the specimens were chosen with the
aim of saving resourcesgifi &Iith the recycling aim of the research. After demolding
the specimens, they Cr otched with a saw to produce a straight crack. Then, the
specimens we ed ya freezer for 24 hours, in order to ensure that the straight crack
remained un. en breaking (Figure 1(c)). In addition to experimental mixtures
manufactured Mg t'he by-products shown in Figure 3, a control asphalt mixture contain-

ingwte its was designed due to the innate ferromagnetic behaviour of these par-

ticle

Ox the specimens were frozen, the breaking test (three point bending test as shown
in Figure 1(d)) was conducted using an ad-hoc manufactured cradle with a 7 cm separa-
tion between supports, as shown in Figure 4(a). This test yielded the max load resistance
by the mixtures before healing (LP"), which was the first parameter to include in the equa-
tion to obtain HR. This load was recorded by a cell inserted into the compression machine.

After the initial test (break), the specimens were left to rest for two hours (Figure 1(e)),
in a temperature controlled room (20°C) before the sixth and more complex stage, the
healing (Figure 1(f)). The healing was carried out using the magnetic induction using an
EASYHEAT machine (Figure 4(b)). The frequency of the test was set at 329 Hz, whilst
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the values of intensity and time used varied between 200 A and 600 A and 90 s and 300
s, respectively. The temperature achievements during each test were recorded by an Op-
tical Pris Thermal camera, as shown in Figure 4(c).

(b) o ‘f) N (o

Figure 4. Details of the break-heal-break test (a -hoc cradle manufactured to support the three-point
bending test (b) Position of the specimens under the:coil during magnetic induction (c¢) Thermographic
images of the speéithens when being increasingly heated

™

The penultimate phase C 1sted%l’ett1ng the specimens rest for 24 hours before re-
peating the 24 hours fre Nhen breaking them through the three-point bending test
previously describe tﬁ (g) and (h)). The second test (break) shown in Figure 1(i)
involved obtaini he 0ad resisted by the specimens after healing (L*"), which allowed
the calculatlc‘l smg Eq (1). Taking into account that the geometric characteristics
of the speeime were the same before and after healing, it can be assumed that the ratios
am 1 recorded before and after healing were the same that those corresponding

v . : . - .
to th ues of resistance achieved, as illustrated in Figure 1(j).

Lah Rg,h

HR:Lb_h:@ (1)

2.2. Statistical modelling

2.2.1. Cluster Analysis
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Cluster analysis is a term coined by Tryon in 1939 [27], who defined it as a set of algo-
rithms devoted to group different elements based on their similarity to each other. In terms
of this research, this technique enabled the partition of the initial types of asphalt mixtures
into a series of groups or clusters. According to the main premise of cluster analysis, this
implied that the specimens contained in the same group were alike, whilst they differed
from the mixtures belonging to other clusters.

The particular approach selected for this purpose was bottom-up hierarchical cluster-
ing. Unlike k-means clustering, this process does not require an aprioristic notion of the
desired number of clusters and involves fewer assumptions regarding the distribution of
the data. Its working principle consists of allocating a cluster to each item and then start
a repetitive procedure whereby the items are combined in larger and ingreaﬁgl e%ro-

ingle con-
glomerate [28]. N

Since hierarchical clustering is based on arranging the daéts)dist fice matrix, the
number of groups to choose is determined by the similarity measure and linkage method
used. In this case, the Euclidean distance was selected a&ﬁarity measure, since it is

rvalidata [29]. The formulation

geneous clusters according to their similarity, until they all are groupe{to

one of the most adequate alternatives to deal with i

corresponding to this measure is provided in Eq. y
“

d;j = JZ(xik—xjk)z 12 - @

p 4

where d;; is the distance betwgen itemsf® and j, such that x;; and x;, represent their values
across the k variables inclu in the analysis. As for the clustering algorithm, the ap-
proach taken was complete linkage, also known as the farthest neighbour method. In com-
parison with othirc 1cal clustering techniques, this was the method proving to be
less sensitive &é‘fy false clusters [30]. The distance between two clusters is com-
puted accgrd’n\t the maximum separation between the members within them, as ex-

preﬂrq k)3

Dmk‘ maX(Dik, Djk) 3)

where D, ., is the distance between clusters ¢; and c3, D, is the distance between clus-
ters ¢; and ¢3 and Dy, is the distance between clusters m and c3, such that m is the

merged conglomerate containing clusters ¢; and c,. Both distances and clusters are cal-
culated based on the values achieved by the items to compare across more than two vari-
ables. In this case, asphalt mixtures were clustered according to the density and content
of their metal particles, which represented the intrinsic properties of the heating inductors

used.
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The interpretation of the output yielded by cluster analysis is supported with a den-
drogram, which is a tree plot indicating how the items are grouped into larger clusters
progressively. To this end, it measures the similarity level between the clusters at each
step of the process, facilitating the decision on where to cut it and determine the final

grouping.
2.2.2. Multiple Regression Analysis

The predictive modelling of the self-healing capacity of asphalt mixtures was approached
using Multiple Regression Analysis (MRA), which enabled exploring the relationships
between HR, which was the response to fit (Y), and a series of Variablgs involved in the
induction heating process, which served as predictors (X;, X;).

In particular, the predictors considered included the spec \Qg X >kg/m3) and

{ nsity (X,, A) set for
the application of induction heating. The type of bitumen was n Qnmdered as a predic-
tor because it was the same in all the mixtures, whilst h. mperature was only rec-
orded at the surface of the specimens and, therefore xough representativeness.
Since the proposed variables were assumed to mh e;ch other, the MRA model was

expressed as shown in Eq. (4).

content (X,, %) of metal particles, as well as the time (X3, s)

& A

Y=BO+Zn:Zn:BU*XL-*Xj+E. ‘ 4

the predictors are multi d E represents the remduals derived from the regression.

where B, is the constant ress10n equation, B;; refers to the coefficients by which
@

This model was built a cordlng to a significance level of 0.05 [31], such that those terms

demonstratin e‘ove that threshold were discarded for subsequent steps. To ensure

the pertin;nce of t &terms included in MRA, their Variance Inflation Factors (VIF) were

I,eVent any multicollinearity effect.

ahty of the model was assessed using two main goodness-of-fit measures: the

standa‘ error of the regression (S) and the predicted coefficient of determination (pred.

R?). S indicates the distance between the observed and fitted values taken by the response,

whilst pred. R? involves an evolution of the standard (R?) and adjusted (adj. R?) coeffi-

cients of determination. It is calculated by systematically removing each observation from
the model and then calculating how well the omitted values are predicted.

In addition to these general verifications, the validity of the regression model was

verified through a residual analysis. This consisted of evaluating the distribution of E in

terms of normality [32], homoscedasticity [33] and independence [34,35], thus preventing
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the existence of type I and type Il errors [36]. Table 1 compiles the graphical and analyt-
ical tests undertaken to test these assumptions.

Table 1. Graphical and analytical tests used to check the assumptions related to residual analysis

) Verification
Assumption - -
Graphical Analytical
Normality Quantile-Quantile plot / Histogram Ryan- Joiner test
Homoscedasticity —Standardized residual vs Fitted value plot Levene’s test
Independence Standardized residual vs Observation order plot Durbin-Watson statistic

2.2.3. Response Optimization N2
+ QO

In the context of this investigation, response optimization was used to erl‘*le the com-
bination of factors leading to achieve a target value of HR, bas or)e XA model built
in the previous step. This was accomplished using the desirability function approach,

which enables evaluating how well a combination of settings s}sbs the purpose sought

by the response. In other words, response optimization wa
of factors that best fitted the healing ratio desired ft
that the values obtained must remain within thei fid lower bounds.

rovided by the combination

ixtures, with the restriction

Since there was only one response t 1 ), the approach taken was limited
to the individual desirability (8;) of theysettings established to target a fitted response
value ¥;. §;(Y;) ranges from 0 to 1, %:h that®represents an ideal solution. Eq. (5) formu-
lates the desirability functionqow y Derringer and Suich (1980) [37] to calculate
5;(Y;) when the response is t@et-baﬁd.

(O

ifLi<Y, <T;

(5)
., ifT <V <U;

> 0, ifY >U;

wherl, U; and T; are the lower, upper and target values desired for the response, whilst
s and t represent how important is to achieve the target value. Hence, 51’(2) increases
linearly towards T; in case s = t = 1, whereas the function becomes convex and concave
ifs<1 t<lands >1, t>1,respectively.

Given the values of specific weight and intensity of the metal particles to be modelled,
the application of response optimization was aimed at fitting the values of HR targeted
by making variations in the content of inductors and heating time, depending on whether
resource efficiency or quickness are a priority. These variations were restricted by the
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maximum and minimum values of specific weight and intensity in the mixtures consid-
ered, which performed as constraints in the optimization problem. Variation were de-
tected among the collected data.

3. Results and discussion

This section displays and examines the main results obtained through the application of
the experimental and statistical approaches described in the methodology. To ensure the
cohesion between both sections, the results are presented according to the samv'ucture
used above, whereby the experimental outputs lay the foundations required forthestatis-
tical analyses. L 2 { \

@

3.1. Experimental Setup ()&,\

f
Figure 5 illustrates the particle size distribution of the mgt p?ics used. Their specific

weights, as well as the temperature they achiev ak and average) when situ-
ated 2 cm beneath a coil under 100 A magne 'ﬁlc 1on, are shown in Table 2.
Since 20 °C was the room temperature, t gsvin Table 2 indicated that GSBP
was almost completely insensitijﬂa induction.
4
120
100 -

% Passing
(=)
[=1

40 -
{ 5% _
P 0 T T T —— — e ]
\ 16 8 4 2 1 05 0250.1250.063
b > Sieve size (mm)
‘ — VM -4 =SBP e GBP FBP —e - GSBP

Figure 5. Particle size distribution of the metal particles tested
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Table 2. Specific weight and temperature achieved by the metal particles tested

Metal Specific weight  Heating test

particle (Kg/m3) Peak T2 (°C) Average T2 (°C)
VM 7.850 79.8 59.4
SBP 7.465 87.4 454
GBP 7.639 73.8 39.2
FBP 3.585 53.2 32.0
GSBP 2.875 20.0 20.0

After this initial characterization, the metal particles were incorporated into, the man-
ufacture of 5 different mixtures. The first two mixtures consisted of the additien of a
single heating inductor to the aggregates and the bitumen: VM and GQP. € wand
fifth mixtures combined GBP with two by-products having a limited or inexistent
reaction to magnetic induction, such as FBP and GSBP, whilst t ixture emerged
from the coupling of SBP and FBP. To ease the nomenclature ha res they were
named as VM, SB1, SB2, JB1 and JB2, such that SBx means th}t 1ngle metal inductor
was added and JBx indicates that two by-products were& uded The dosage of
the five experimental mixtures is shown in Table 3 a ence between each sieve

passing value and the spindle centre of the dosage Aal6 mixture, which was taken
as a reference as explained in Figure 2.
4 )

Table 3. Dosage of the experimental mixtures in@arison with the spindle centre of that correspond-
ing to dense asphalt eoncrete (AC-16)

Sieve size (mm)

Mixture

16 8 Aot 2 1 0.5 0.25 013 0.063
AC-16* 100.0  95.0 425 31.0 235 160 11.0 8.0 5.0
VM 0 q +1.8  +3.1 -2.1 -1.7 -0.6 +1.6
SB 0 . +19 +13 +1.3 +0.7 +03 +04 +1.0
JB1 \ﬁm +24 +15 +1.1  +1.1  +0.6 +0.3 +0.3 +0.5

JB2 \? +50 +1.7 +1.1 +00 -12 -1.0 +03 +0.7 +1.1
JB3 4 ¥ 450 +34 421 +13 +14 408 -04 +04 +1.9
* Value‘res onhding to the spindle centre

O

Allithe experimental mixtures were subjected to the break-heal-break test as described

in the methodology. Hence, the loads resisted before and after healing by each mixture
under different pairs of induction intensity and time were recorded, in order to facilitate
their comparison. The VM specimens were initially tested with intensities of between 400
A and 600 A and times above 120 s. For instance, the specimens tested for 240 s at 500
A reached a peak HR of 73%; nevertheless, they achieved temperatures (above 150 °C),
which is not admissible to ensure the absence of changes in the bitumen. Thus, intensities
were lowered to 400 A and 300 A, leading to healing ratios of up to 45 % and 47 % when
heated during 120 s and 240 s, respectively.
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Intensities between 300 A and 400 A were not sufficient to achieve good healing ratios
in the SB mixture, to the extent that the specimens tested during 240 s at 300 A only
reached values of HR of 7 %. Higher HR values started when applying 500 A during 240
s (about 47 %). In this case, the surface temperature of the specimens was about 90 °C,
which was considered a suitable value to soften the bitumen and let it flow to close any
crack within the specimens. Two more groups of SB specimens were tested by increasing
the intensity to 600 A with times of 240 s and 300 s. These two groups provided healing
ratios of 47 % and 55 %, respectively, without exceeding a surface temperature of 130
°C.

Again, currents of 300 A and 400 A were not enough to sufficiently heat andythere-
fore, heal the JB1 mixtures. The coupling of a current of 500 A with &ea% e%e-
tween 180 s and 300 s yielded higher healing ratios, whilst the highest HR (31%) corre-
sponded to a combination of 240 s and 600 A. Still, the results as @od as those
achieved in other mixtures. The lower amount of GBP by- pmn JBT in relation to
SB explained why it resulted in an inferior healing performance:Furthermore, JB1 also
contained FBP, which was found to be insensitive to ma tlﬁlductlon (Figure 5).

To reduce the risk of overheating the JB2 specim halt mixtures containing
SBP and FBP were tested at currents of 400 A an: d healing times between 120
s and 180 s. The best performance was obt yC bmmg 180 s and 400 A, whereby

the values of HR reached a max1mum/o Y. 'Rgeneral the results of JB2 showed
higher variability than other mixtures. Th1Xobably due to the SBP particle size, which
is substantially bigger that those ofsthe other by-products tested and can result in either
less homogeneous mixtures 0~)Me loss of aggregates when breaking the specimens.

The final mixture, JB3, oﬁtameﬂwo by-products: GBP and GSBP. Taking into ac-

count that GSBP barely Wd to the heating of the mixture when applying magnetic
induction, these speci were tested using the maximum current intensity of 600 A and
varying heali es between 240 s and 300 s. The highest values of HR reached were

about 60%, 2" Umthat the longer the test, the higher the healing ratio when intensity
remained xtead}\

3.2. Istical modelling
3.2.1. Cluster Analysis

The characterization and dosages conducted in laboratory enabled the determination of
the specific weight and content of the additives included in the mixtures as heating induc-
tors. These were the variables used for the cluster analysis, as representatives of the in-
trinsic properties of the particles used. In mixtures with more than one single additive,
specific weight was calculated as the weighted average of the individual values corre-
sponding to each particle type, whilst content was computed as their sum.
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As a result, the following pairs of values [specific weight (kg/m?), content (%)] were
obtained for the inductors included in the 5 asphalt mixtures under evaluation: [7.850,
5.0]1 (VM), [7.639, 4.4] (SB), [6.312, 5.5] (JBI), [6.041, 7.9] (JB2) and [5.405, 11.3]
(JB3). The application of Egs. (2) and (3) according to these values yielded the dendro-
gram depicted in Figure 6. Although the density and amount of the metal particles added
to the mixtures were different in all cases, their dosage was adjusted to be coincident and
fit the gradation of an AC-16 specimen, thus making them comparable to each other.
Moreover, having a variety of combinations of specific weight and content was a require-
ment for building prediction models to optimize the valorization of by-products included
in asphalt mixtures with self-healing purposes, which was the ultimate obj ecti% of this

research. ’0 ( \9
&
) 3

0.004 — — Cutting line '
----- Cluster 1 >
o e T ta a
B | peesssscscesdesesssecsee-
=
£
wn
66.67 -
100.00 ; : '
VM SB JB1 B2 IB3
Observations

: \_ ol
Figure 6. Dendrogram indicating P clusteging options to group the experimental mixtures according to
their similarity

The clusteril%mcm)egan by yielding 5 groups, one per mixture, and then con-

tinued by produ incteasingly heterogeneous conglomerates. Hence, the second pos-
sible cut inVQl 4 swoups, whereby the only cluster formed included VM and SB con-
stituents, whos8content and specific weight are similar. The next step corresponded to
the irh)iﬁl and JB2, leaving JB3 in isolation. Finally, the last meaningful level
clust all’the mixtures except JB3. Since grouping definition is affected by the step
where the values change more abruptly, the cutting line was drawn to result in 2 clusters,
as represented in Figure 6.

Due to the low representativeness of the second cluster, JB3 was removed from sub-
sequent steps. This line of action was consistent with the magnetic and thermal response
observed in the particles used as inductors in this mixture, since GSBP was found to be
very limited in those terms and made the application of high values of time and intensity
necessary. Still, the low resistance of this by-product led to misleading results of HR. An
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alternative path consisting of considering only GBP in JB3 for modelling would not pro-
vide added value to the final outcome of the study, reaffirming the decision to exclude
this mixture for prediction purposes.

The values of HR obtained for the remaining mixtures were arranged according to the
time and current intensity used. As the same combinations of values were applied to the
same specimens repeatedly until the results converged using Eq. (1), the data used from
this point were the mean values of HR obtained from such replicates, as specified in Table
4. To ensure the validity of subsequent prediction models, one randomly chosen sample
of each mixture was excluded from regression analysis for testing purposes. Under the
premise of using different values of heating time and intensity depending on th%mty of
the metal particles, the healing ratios obtained were in the same orde‘of ' in
most cases. The main exception to this line was found in SB 3, wh ‘on recovered
6.9% of its initial resistance after the process due to its reduced f m&al particles
and the low intensity applied. 1) s

Table 4. Training and testing combinations of predictors used to 1 the healing ratio (HR) of asphalt
mixtures through multiple regressiomanalysi

Metal particles

Purpose Mixture  Specific weight Co ¢ mime’(s) Intensity (A) HR (%)
(kg/md)

Training VM_1 7.850 ﬁ?" 120 400 28.331
Training VM _2 7.850 Qo 240 500 67.039
Training VM 3 7.850 P -0 240 300 45.850
Testing VM 4 S(V ’ 5.0 120 500 40.984
Training SB 1 4.4 240 600 47.709
Training SB 2 4.4 300 600 57.822
Training SB 3 4.4 240 300 6.914
Testing 639 4.4 240 500 42.041
Training 6.312 55 180 500 15.846
Training \ 6312 5.5 120 600 14.976
Traininﬁ "& 4 6.312 5.5 300 500 38.423
sting 6.312 55 240 500 27.243
ai \Jlg_l 6.041 7.9 240 300 38.556
Training JB2 2 6.041 7.9 180 400 57.548
Xing JB2 3 6.041 7.9 120 400 36.300
Testing JB2 4 6.041 7.9 120 500 40.789

3.2.2. Multiple Regression Analysis

The values of specific weight, content, time and intensity compiled in Table 4 were
used as predictors to model HR, which performed as response, through multiple regres-
sion analysis. The use of Eq. (4) led to obtain the model summarized in Table 5, which
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demonstrated that the interactive effect of specific weight (X;) with the remaining pre-
dictors (X,, X; and X,) was statistically significant (p-values < 0.05 in all cases) and ex-
plained 90 % (R?) of the variability of the HR values around its mean. The model was
determined using the stepwise method, whose working principle consists of systemati-
cally adding the most significant term or removing the least significant term during each
step. The results of this procedure indicated that the most efficient model to fit HR was
based on the three interactions referred above, such that adding, replacing or removing
any term, either single variables or interactions, did not improve its quality.
All the coefficients associated with these terms were positive, which was logical ac-
cording to the physical relationships between the predictors and the response. %ce, the
percentage of resistance recovered after healing was proportional to the guriﬁf & ctal
particles and their content in the mixture, which favoured the fluency“of the bitumen
through the rapid heating of the mixtures. The healing ratios alsogi ed &long as the
values of time and the intensity applied during the process wex[liigjr, boosting the heat-
ing of the inductors. Furthermore, the p-value of the F-tests for\tlﬁregression term was
also below the significance level, indicating that the moa&( provided a better fit than
)

the intercept-only model. C

Table 5. Summary of the multiple regression mo il@’ma‘[ing the healing ratio (HR) of asphalt

ixtures
s R? j. R? PRESS  Pred. R?
7.025 0.90 A& 962.164 0.75
Term Co F-Value p-value VIF
Regression ‘ - o 23.40 0.000 -
Constant 195.6 - 0.000 -
X, * X, &9 53.65 0.000 1.95

X * .025 29.43 0.001 1.28
X, 0.017 30.25 0.001 1.73

The VaAlue‘ of A i’ R2 reached (0.86) suggested that the accuracy of the model was not
corﬁis} lj'the number of predictors used, since it did not differ much from the
standar :

‘This was corroborated by the Variance Inflation Factors (VIF), which were
very c‘se to the lower bound of this measure (1) for all predictors, suggesting that mul-
ticollinearity was not an issue. Although the Pred. R? slightly decreased in comparison
with these two coefficients, it was high enough to validate it for making new predictions.
The standard error of the regression (S) was strongly affected by JB2, which was respon-
sible for almost half of the distance between the values measured in laboratory and the
regression line. This was mainly attributable to the size of SBP and its combination FBP
in large quantities (Table 4), which hindered the modelling of this mixture and led it to
reach the highest values of HR under all the combinations of time and intensity, as demon-

strated in the contour plots in Figure 7. On the contrary, the limited purity and amounts
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473  with the remaining mixtures (Figure 7(c)).
474

&
O
?\



475
476

477
478
479
480
481
482
483
484
485
486
487
488

489
490
491
492

17

VM SB1
600 : .
Healing Healing

550 Ratio (%) Ratio (%)

= = < 10.0 < 10.0
= W 100 - 200 2 10.0 — 20.0
$ S = 20.0 - 30.0 $ 20.0 - 30.0
£ 450 m 30.0 — 400 £ 30.0 — 40.0
z B 400 - 500 2 B 40.0 — 500
] m 500 - 600 & | 50.0 — 60.0
E 400 = > 600 B > 60.0

350

300

150 200 250 300 150 200 250
Time (s) Time (s)
(@ (b) %
JB1 JB2
600 : .
Healing Healing

550 Ratio (%) Ratio (%)

€ o < 10.0 = < 10.0
= W 100 - 200 722 W 10.0 — 200
$ s = 20.0 - 30.0 $ = 20.0 - 30.0
£ 450 I 30.0 — 400 £ m 30.0 — 40.0
z | 400 - 500 2 | 40.0 — 50.0
] m 500 - 600 & m 50.0 — 60.0
E 400 B > 600 & B > 60.0

350

300

150 200 250 300 150 200 250 300
Time (s) Time (s)

© U @
Figure 7. Contour maps representing the rela‘ns ip between the values time (s) and intensity (A) with
the healing ratio (HR) achieved by asphalt mixtures (a) VM (b) SB (c) JB1 (d) JB2

The reliability of the regr&i@l built was first checked in analytical terms, as
shown in Table 6. The Shap&—Wil nd Levene’s tests yielded p-values above the sig-
nificance level (0.05), wing the normality and homoscedasticity of residuals.
Their independence was checked through the comparison of the Durbin-Watson statistic
(D) with the 1 (D and upper (Dy) bounds established by Savin and White (1977)
[38], such that —\ >'DU indicates an absence of serial correlation, D < D; suggests
a positive&orr&i and D, < D < Dy involves that the test is inconclusive. For a sam-
ple Male 4) and a number of terms equal to 3 (Table 5), D, and Dy, are 0.812
and , respectively. Since (4 — D) = 1.467, the test was found to be inconclusive.

Table 6. Analytical verification of the assumptions involving the residuals of multiple regression analysis

Normality Homoscedasticity Independence
Shapiro-Wilk p-value Levene p-value Durbin-Watson
0.970 0.915 0140 0.931 2.533

To further ensure the robustness of the model summarized in Table 5, the assumptions
concerning its residuals were also verified graphically, as illustrated in Figure 8. The re-

semblance of the residuals to the reference line of the quantile-quantile (Q-Q) plot, as
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well as the approximate bell-shape of the histogram, confirmed that the assumption of
normality was met. The unbiased distribution of the residuals in the versus fits plot also
ensured the homoscedasticity of the model. Finally, the lack of clear patterns and the
random location of the residuals around the reference line in the versus order graph indi-
cated that they were not correlated to each other, which enabled assuming their independ-

ence too.
Q-Q PLOT E VERSUS FITS
99 — 2 2 K‘
= 90 i & 1 " . \ V2
E - - " L \
2 50 J,,,.—f B DiSeclnmesremerss
& 10f B 1, . .|’
1l = 2 B
2 -1 0 1 2 § 20 30 40 50 60
Standardized Residual 7] Fitted Value
HISTOGRAM .5 VERSUS ORDER
. 20 'z 2 N
2 15 & 1 & 8
E 1.0 | —— s o e as
— N 3 [}
0.0 = -2 "
-6 -08 00 08 16 E 2 4 6 8 10 12 14 16 18
Standardized Residual v‘u';' Observation Order

Figure 8. Residual plots used to tes@iumptions of multiple regression analysis graphically

As a final step to prove & validity of the regression analysis conducted, the model
summarized in Table 5#vas to estimate the healing capacity corresponding to the
specimens reseryed fos testing, as indicated in Table 4. Figure 9 illustrates the fit between
the values of su1§d in laboratory and the regression model. The results proved to
be very accu & ; e VM, SB and JBI mixtures, to the extent that the errors between
measuredand predicted values were less than half S in all cases (Table 5). However, the
esti B2 mixture resulted in an error of 10.016, which ratified the singularity
of thigfmixture, as a result of its uneven combination of low specific weight and high

content’of by-products.
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Figure 9. Fit between the values of healing ratio (HR) measured in laboratory and predicted roug@ul—
tiple regression analysis for the specimens reserved for testlng

3.2.3. Response Optimization )& N

Based on the multiple regression model built in Table 5, thé.application of the re-
sponse optimization framework enabled the calculation hﬁ um amount of time
and resources required to achieve HR targeted values. &deplcts the working prin-
ciple of this approach, indicating the extent to ges in the variables used as
predictors produced variations in the heali &ce the variations derived from the
displacement of the vertical lines associted with th€ predictors with respect to the hori-
zontal axis can be combined to reach desired healing ratios. This is exemplified for a

mixture containing 5.5 % of GBP aad subject to induction during 200 s at 600 A, which
resulted in a value of HR of 498 V’
‘ a

Density (kg/m*) Content (%) Time (s) Intensity (A)
High 7.850 7.90 300.0 600.0
Cur [7.6390] [5.50] [200.0] [400.0]
Low 6.0407 4.40 120.0 300.0

Healing Ratio (%)
Targ: 66.667
y = 49.809
d=0.747

/

Figure 10. Optimization plot produced to target a healing ratio (HR) of 66.667 % by changing the values
taken by the predictors

In this case, a healing ratio of 66.7 % was set as a target, representing a recovery of
two thirds of the original resistance of asphalt mixtures after breaking. This value was
considered to be representative for a reasonable degree of healing capacity under real
conditions. Since the underlying objectives sought were saving resources and be as time-
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efficient as possible, intensity was a restricted parameter established according to the
heating susceptibility of the metal particles. Therefore, this parameter was set at 500 A in
VM and JBP1, which proved to be more likely to produce alterations in the bitumen, and
was increased to 600 A for SBP1 and SBP2. The implementation of the desirability func-
tion synthetized in Eq. (5) according to these conditions yielded the results compiled in
Table 7.

Table 7. Optimized values of content (%) and time (s) obtained for the resource efficiency and quickness
scenarios using the desirability function approach

Mixture Obijective Content (%) Time (s) Intensity (A) Healing Ratio (0& 5:(Y;)
VM Resource efficiency 4.760 297.119 500.000 66.667 ”00
Quickness 5.926 120.000 500.000 @g6( 1.000
SBP1 Resource efficiency 4.563 297.006 600.000 .667\ 1.000
Quickness 5.728 120.000 600.000 1 ’ 67 1.000
SBP2 Resource efficiency 6.474 300.000 600.000 66.667 1.000
Quickness 7.658 120.000 600.000 \ 66.667 1.000
JBP1 Resource efficiency 7.418 300.000 50 66.667 1.000
Quickness 7.900 120.001 .0 50.805 0.735

Overall, all the mixtures were found to be capabléofachieving the target established
(6i(17i) = 1), except JBP1 for the quic&n@en@ which resulted in a desirability of
0.735. This low value of §; (ﬁ) was due toythe content of the metal particles used to man-
ufacture this mixture, which was tbwpp;)&\md taken by the optimization problem for
this variable. Reaching a Vahﬁomb = 1 in this scenario would involve increasing
the by-products to approx. lfA) ; however, this course of action may result in an exces-
sively dense asphalt miC Nich would cause transportation and installation prob-
lems.

Otherwise tMemaining mixtures reached the value of HR sought under both sce-
narios. Beyog mitations of the regression model ( Table 5), the values of content
and time @Tabk ghow how the self-healing of asphalt mixtures can be optimized in

v
te ithr&source or time efficiency. In particular, the first course of action would
be to imize the valorization of metal wastes in the road industry, where the construc-

tion and maintenance of pavements traditionally involve large amounts of raw material.
However, since the metal particle contents yielded by the optimization process differed
from those used to manufacture the specimens in laboratory to resemble an AC-16 dense
asphalt mixture (Figure 2), the practical application of these values would require rede-
signing their dosage, in order to ensure that they meet the mechanical and technical pa-
rameters required for their implementation.

4. Conclusions
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This study was concerned with the statistical modelling of the self-healing capacity of
asphalt mixtures containing different combinations of metal particles, focusing on the use
of industrial metal by-products to reduce economic cost and environmental impacts of
road materials. A methodology integrating cluster algorithms, multiple regression analy-
sis and response optimization was designed, applied and validated using the results ob-
tained in laboratory regarding the healing potential of five experimental asphalt mixtures
heated through magnetic induction. The analysis of these results led to the following con-
clusions:
e The experimental tests highlighted the suitability of the metallic by-products used as
heating inductors in the self-healing process of asphalt mixtures. The onlycxce
to this trend were the green foundry slags, whose thermal and magtgtl %
almost null. In general, the values of heating time and intensity req the exper-
{éts‘lthough the
steel shot wastes from sandblasting resulted in healing r 11ar to those of the

imental mixtures were higher due to the lower purity of t

control specimens with virgin metal particles.

e In line with the inferences extracted from the labora&! sults, cluster analysis led
to discard the mixture type containing green sla s almost null heating po-
tential and high fragility. The regression mod plicate the laboratory results
for the four remaining mixtures reac &ﬁments of determination and met
all the assumptions regarding its re§iduals, gudfanteeing its reliability to make new
predictions. In fact, the application of'the model to the specimens excluded from the
analysis for testing purposes yiglded estimates in the order of magnitude of the stand-
ard error of the regressmn\/Muﬁher corroborated its validity.

e The desirability functlort‘pproac% used for response optimization showed that the
amount of metal pa clude in the mixtures and the time of magnetic induc-
tion required to cjgeted healing ratios. This step was intended to increase the
viability of theiself-healing of asphalt mixtures. On the one hand, it can help to max-
imize the‘r % of industrial by-products as a valuable resource in asphalt design
and road cosservatlon On the other hand, it can also limit the traffic disruptions as-

hnd conventional road maintenance practices by designing asphalt mixtures

t inimize the time required to apply magnetic induction.

Although the results produced in this study proved to be valid and meaningful, further
work is needed. Future work should focus on testing the proposed framework using more
specimens with different values of specific weight and content of metal particles, as well
as new asphalt mixture dosages to verify how generalizable the optimized results are. In
this vein, another area of research to develop in the future concerns the incorporation of
additional mechanical tests conducted in laboratory into the statistical modelling, in order
to provide a more comprehensive characterization of the experimental behaviour of self-

healing asphalt mixtures.
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