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AN ABSTRACT OF THE DSSERTATION OF

Hussein Amine Kassem for Doctor of Philosophy
Major: Civil and Environmental Engineering

Title: Probabilistic Characterization of the ViscoEladasffic Behavior of Asphalfggregate
Mix tures

The objective of this work is to provide accurate and realistic characterization of different
types of asphalt concrete mixtures using advanced material modeling within a probabilistic
framework. The methadogy adopted builds on and enhances a viscoelastoplastic continuum
damage (VEPCD) material model by utilizing a suite of associated experimental testing
protocols and incorporating the uncertainties associated with the different material properties.
The ceveloped framework is then applied to assess the behavior of different types of
unconventional asphalt concrete mixtures such as Warm Mix Asphalt (WMA); Fiber
Reinforced Asphalt Concrete (FRAC), and those containing Reclaimed Asphalt Pavement
materials (RA).

The modeled uncertainties address the variabilities and errors associated with the linear
viscoelastic (LVE) functions achieved from the complex modulus test and damage
characteristic curves obtained from constant crosshead rate testing. A prabsdiisine

using First Order approximations and Monte Carlo simulations is developed to characterize
the inherent uncertainty of each of the LVE functions (dynamic modulus |E*|, relaxation
modulus E(t), and creep compliance D(t)) over the time domain ofrttastercurves. The

results show that the quantified uncertainties are significant especially at high temperatures
and/or slow loading rates. Based on the results of several investigated mixtures, the inherent
uncertainty of LVE properties of asphalt coster becomes higher for mixtures with a larger
nominal maximum aggregate size, mixtures with modified binders, and/or mixtures with
WMA additives. At small reduced times, the uncertainty in |E*|, E(t), and D(t) are similar in
magnitude; however, differencbscome significant at large reduced times implying that
modeling the uncertainty of either of these functions is not enough to represent that of the
other ones. The sources of uncertainty in these functions are categorized and their influence
are tested Were fitting techniques yield uncertainty unlike machine loading, testing
instrumentation, and data acquisition. In addition, the effect of uncertainties in the time
temperature shift factors and phase angle are shown to be minimal and thus can belneglecte
in any probabilistic analysis.

For damage characteristic curves, the uncertainty in normalized pseudostiffness (C) increases
as the level of damage (S) becomes larger. This uncertainty, quantified by the coefficient of
variability, does not exceed a ualof 0.2 for a drop of C from 1 to 0.5. The conducted

analysis shows that the uncertainty in C can be modeled directly as a function of the input
stress without the need of developing two distinct models for C versus S and S versus stress.
The uncertainés of LVE properties are propagated along with those of C versus stress curves
to yield a probabilistic viscoelastic continuum damage mod®EED). The RVECD not

only predicts the average viscoelastic response to a given loading input, but it can also
provide its distribution, which is essential for a reliabilitgsed pavement design. For the

case of a loading ramp, the uncertainty of the predicted probabilistic viscoelastic strains is

vii



mainly due to initial uncertainty of the response just after thicapipn of the load. Based

on the results of the-ECD model, it is recommended to minimize the effort of the current
practice in developing the VECD model by determining the C versus stress curve based on
conductsng the constant crosshead rate tessbfdy one replicate per asphalt concrete

mixture. In addition, the data used in the development of ME®D model is utilized to

develop a generic C versus stress curve which can be used as an alternative for the
development of mixture specific C vessstress curves. Thus, a simplified VECD model with
the generic C versus stress curve can be used for predicting the response of asphalt concrete
mixtures due to compression loading. Such model requires only the determination of the LVE
properties of thenvestigated mixture. The model is validated and verified for a suite of seven
asphalt mixtures with components different than those used for its calibration. The developed
generic C versus stress curve could be recalibrated using the data of more asphetk c
mixtures but so far it is verified in this research that this approach is applicable for cases of
assessing a variety of asphalt mixtures incorporating different additives, modifiers, and
production technologies.
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CHAPTER 1
INTRODUCTION

1.1. Warm Mix Asphalt

Pursuing sustainable developmbas becomea basic and commagoalacrossvarious
industriesworldwide Thisgoal has received significant share of attenti@md effortin the
construction sectpwhere various stakeholders are enadtiitgatives and regulations to
render the industry more sustainabjeintroducing green conceptsant t hi s sect or 6s
practices. These negonceptaninimizethedepletion rate ohatural resources atelsserthe
negativesocial and environmental impacEor the roadway construction sector, in particular,
tremendous efforts are being placed to render#stices more sustainable. One of these
measures include the utilization of warm mix asphalt (WMA) additives to reduce the
production and paving temperatures used in the case of traditional hot mix asphalt (HMA).

WMA can be considered as an ddendly and cost effective technology that is
becoming commonly used in the pavement industry. Initially developed in Europe, WMA is
gaining interest as an alternative to HMA all over the world. Its signature feature is the
reduction of thetwsphdl orbindeeasevobscbhbhe mi
lowered temperaturd€howdhury and Button 2008Thus, the use of WMA allows for a
significant reduction in the production (mixing), transportation, and paving (compaction)
temperatures as compared to the traditional HMA mixes. It is worthgydtawever, that the
use of WMA in asphalt pavement construction has many advantages and benefits that exceed
the direct gain of reducing production and compaction temperatures, as summaraele in
1.

1.1.1 WMA Technologies

The redation of production temperatures is achieved through widely developed

commercial products that employ mechanisms involving microstructural, physiochemical,

and mechanical changes to asphalt binders. As such, different WMA technologies exist:

1) Wax-basedorgai ¢ addi tives that reduce the binder
while maintaining or slightly increasing the viscosity at operational temperatures,

2) Chemical additives that reduce the surface tension of the binder to improve the wettability

of aggegates, and



3) Waterbased or watefoaming technologies tharovidebetter coating of aggregates and

aid in compaction by the injection of water which causes the formatismai bubbles
t hat decrease t(Rukeoebal. 2B0dger 6 s Vvi scosity

Table 1. Advantagesand benefits of using WMA(Button et al. 2007 Chowdhury and
Button 2008 D'Angelo et al. 2008 Kassem et al. 20152Zaumanis 2014.

Category

Advantages andBenefits

Environment

Decreases fuel @mergy consumptioimm the range of 205%
or 2-3% reduction for every°€ reduction in temperature
Reduce CO; emission (up to 40%) because oiver WMA
production temperatures and lower fuel consumption.
Reduces 62 emission (20 to 35%)

Reduces nitrous oxides emissions (up to 70%)

Provides ltter working conditions for the plant/paving
workers dued the reduction in visible andvisible emissions,
fumes,smoke, dustand odor.

Decreasgsdust production due to the short heating time and
lower temperatures.

Production

Uses ahigher percentage oéclaimed asphalt pavement
(RAP).

Extends paving sean andncreassproductivity as a result of
the ability to pave under cooler temperatures compared to
HMA.

Provides greateacceptance of presence of plant sites in urk
areas due to lower emission, dust, and noise.

Uses éssaged binder, which reduc#ee fatigue cracking and
extending the pavement life.

Paving

E

= =4

Improves workability.

Reducs paving time especially for pavements with thick lifts
Extends haul distance due to the lower thermal gradient
bet ween the ambient t emprer
Provides gicker openingf paved roadways twaffic.

Creates a healthigrorking environment compared to the
HMA placing conditions for paving crew.

Reduces thermal segregation in the asphalt concrete mat.

Economic

Decreases the productionstaue to reduction in fuel and
energy consumption (30% to
overhead cost)

Reducswear and maintenanceedf the plant due to lower
mixing temperatures.

1.1.2 Performance and Durability of WMA

With the increased interest and us&\@WA, products are continuously improved,
refined, and developdg€howdhury and Button 2008Thus, the evaluation of WMA



additives has gained momentum to ensure performance and durability requirements of asphalt
mixes are met or exceed@utton et al. 200,/Prowell et al. 2011

The durability and performance of WMA mixes need to be assessed because of the lower
mixing and compaction temperads. Thus, the resistance to moisture sensitivity is becoming
an important factor for WMA due to two major reasons: 1) the aggregates might not
completely dry during mixing due to lower temperatures and thus part of the moisture might
be entrapped in theimleading to an increased susceptibility to moisture damage, 2)
foamingbased WMA technologies may cause possible residual moisture beyond the
microscopic foaming process leading to reduced moisture resistance. This retained moisture
may affect the adhes bond between the aggregates and the binder leading to moisture
damaggZaumanis 201¢ This is considered as a major concern for WMA and it has been
investigated and evaluated by many researdidasi etal. 2012 Buss et al. 201,8Cucalon
et al. 2015Martin et al. 2016Mogawer et al. 2011 For the case of cracking, the lower
production temperature of WMA implies a binder that is less aged than the case of HMA. In
this case, the WMA will not have a major negative impact on the cracking resistariberwhe
it is the case of fatigue cracking or thermal cracKDgs et al. 201,2Haggag et al. 2011
Sadeq et al. 20)6However, the lower stiffness of the binder in WMA that might be due to
less aging during mixing and compaction may cause earlier rutting in comparison to
pavements with HMABower et al. 2016Chowdhury and Button 2008rowell et al. 2011
Zaumanis 2014 WMA mixes with wax additives have shown an exception of that because
the wax stiffens the binder at-gervice temperatures and thus induces a higher resistance to
rutting.

With the rapid implementatioof WMA, many research studies have been conducted to
evaluate and support its use, taking into consideration durability anddongperformance.
In the United Statesnanyresearch projectsave been initiated by the National Cooperative
Highway ReseattProgram (NCHRP), Federal Highway Administration (FHWA) and state
highway agencies aimirtg provide recommendatioms mixture design practicefor WMA,
moisture susceptibility of WMA technologies, short term laboratory conditioning of WMA,
and field peformance of WMA(Bonaquist 201,IMartin et al. 2014Newcanb et al. 2015
West et al. 2014 The continued worldwide implementation of WMA depends on the ability
to produce mixtures with similar or better durability and performance than traditional HMA
used inthe regiorof interest One of the major challenges in providing effective
recommendations for mixture design and lb@gn performance evaluation for WMA is the
large amount of technological modifications that can be categarmel\WMA

technologiesThus, it is of a high importance to understand the effettteofariousVMA



technologiesata mixture level and to check whether WMA mixes are accepialdems of

performances a replacemenf HMA or not.

1.2. Advanced Material Characterization

Ultimately, this research will feed into the implementation of WMA in Qatar and the
Gulf Region as this work is part tife National Priority Research ProgréiiPRB project5-
5062-203e n t i Debign dnd Rerformance Evaluation of Warm Asphalt Mixtures in Qatar
supported by QataXational Research Fund (QNRF). The main objective of this project is to
develop WMA and to evaluate the engineering, economical, and environmental benefits of
implementing it in Qatar by considering locally available materials and egatsat
performance in Qatalt should be noted th#the WMA technology hanotyetbeenexplored
in Qatar or in the Gulf region beforeetiproject at handPart of this dissertation will feed into
this project through the assessment and realistic pradictithe performance of HMA and
WMA mixes using advanced and accurate asphalt material characterization models.

The realistic prediction of the performance of asphalt pavemelhtse carried out
mechanistically through structural response models. Sudelspredict the stresses and
strains in a given pavement structure based on its traffic loading and environmental
conditions. These models require accurate and advanced material properties that are provided
through material characterization models, whaok addressed through tipiarticular
researchor different HMA and WMA mixes used and/or recommended for Qatdrthe
Gulf region The nodding of pavement performance wile conducted based on masale
continuum damage theories. This approach igmtie physical interactions at micgcale
level and thus modethe behavior based on parameters that can be obtained on a macro
scale leve(Underwood et al. 2010}t takes into account the fact ttestphalt concrete mixes
behavdlifferently based on temperature and load rate. Thiawer can extend from elastic
and lineawiscoelastiat low temperatures and fast loads tolmaarviscoelastiand
viscoplasticat high temperatures and slow loads. Therefore, the adopted modeling strategy
aims at modeling each componesgparatelyreferred to as the viscoelas{iE) strain
combining both elastic and VEtrains and the viscoplasti¢/P) strain that combines ko
the plastic and VBtrains. These are combined togethesulting in the ViscoElastoPlastic
Continuum Damag@/EPCD) Madel (Chehalet al. 2003)

The VEPCD model provides the ability of predicting the performance of asphalt
concrete with a reasonable accuracy which assures thelettastanding of the behavior of
HMA and WMA mixes under realistic loading and environmental comkijUnderwood et

al. 20D). In this research, this model will be utilized to assess thelegendent behavior of
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WMA mixes compared to HMA under compressive loading which is responsible for the
rutting of pavements. This characterization method takes into account thecraicko
induced damage and its role in accelerating the development of permanent deformation in
asphalt material used in the upper bound layersgpaivament structure. In compression,
those cracks are oriented vertically in the pavement structure in aatirpatiallel to the
loading. Consequently, this will cause a reduction in the overall mixture modulus, which
promotes higher total strain for a given load. Thus, at conditions of slow loading, high
temperature, and/or high loads the asphalt mix will hdegvar stiffness and thus a lower
resistance to rutting. The VEPCD model used in this sivas/developed bgesearchers at
North Carolina State University where it has gained the interest of researchers and
practitioners of the paving industry worldwidk.has been developed in tension and
compression as part of NCHRP Project®and other projects where it was shown to be
capable of describing the behavior of asphalt concrete (and particularly HMA) in both
loading state¢Chehab et al. 200&ibson 2006Underwood et al. 2010un et al. 2009
Zhao 2002

Advanced material characterizatiohWMA is needed to provide a better
understanding of its behaviascompared with that of the corresponding Hvi#xes. Ths
is needed in order to know the effect of different WMA additives on the behavior of a given
mix at different environmental and loading conditions. It has been shown by previous
researchers that the used VEPCD model is capable of predicting thesgtieskehavior of
HMA mixes under different conditions; thusis selected for the assessment and comparison
of the behavior of HMA and WMA mixes. It is believed that this will provide an insight of
whether there is any need to change or recalibrate tdelshand transfer functions that are
being currently used in existing pavement design and analysis methods and which were
originally built based on various HMA mixes.

The comparison ahe performance of WMA to HMAnixes has been carried out by
several sidies of which only few have relied on the mechanical characterization of the
viscoelastic behavior of these mixes. Such studies have focused more on the assessment of
the fatigue cracking rather than asphalt rutting of WMA mixes. One of these studies was
conducted by Sadeq et al. (2015) where the Superpave rutting factor was used to compare
the performance of an HMA and WMA asphalt binders. This factor was assessed based on

the binderdés performance in the | thasedar VE

re

additive fASasobito stiffebadetdtheddi hdeer mAde

showed almost the same behavior as the original b{&deleq et al. 20)5Another study

that was also conducted by Sadeq et al. (2016) focused on using the viscoelastic continuum



damage analysis to assess the resistance of warm fine aggneg@té-FAM) to fatigue

cracking imposed by applying damaging shear stress oscillations. This study investigated W
FAM with three different additives (Advera, Sasobit, and Rediset) where it showed that there
is not significant difference between the &M and the control mix in terms of the number

of cycles to failurdSadeq et al. 20}6 In addition, a study was conducted by Safaei et al.
(2014) on the performance of HMA and WMA binders with a chemical based additive
AEvot hermo and with foaming by water inject:i
effect ofvarious ageing levels on the fatigue behavior of HMA and WMA binders and mixes
using a simplified viscoelastic continuum damage analysis. It showed that the difference in
the fatigue performance between WMA and HMA become insignificant afteitésngagimg
(Safaei et al. 2004

1.3. Uncertainty Quantification in Asphalt Materials

Mechanistic approaches, such as the VEPCD model, have been developaddd be
instead of the statef-practice empirical and mechatisempirical analysis approachies
order to yield more realistic prediction of the performance of asphalt paveng@itispn
2006. Despitethe advantage of these models in providing accurate and advanced material
characterizationit is needed to be improved from being purely deterministic towards being
probabilistic(Gudipudi and Underwood 20L&Buch aneede x i st s because of tFh
drive towards the adoption of reliabilibased design principleBasically, through
uncertainty quantification, reliabilitgrinciples provide a set of tools to characterize and
account foithe precision/consistency ofalmeasurements involved in the different inputs
required for pavement performance predictionother words, uncertainty quantification and
reliability-based analysis cannot assess whether a prediction model is accurate, but it can tell
that if the validiy of a model is accepted to some quantified degree, then the validity of
certain conclusions should be accepted to some quantified deg({&eitioan 2015.
Thaeforemodel i ng and quantifying the uncertaint.i
becoming of high interest to the practitioners in the pavement ind@ssyillo and Caro
2014 Kalita and Rajbongshi 2013t will allow for assessing the probabilities of
unsatisfactory performance of asphalt concrete pavements.

The field of uncertainty quantification in the paving industry is about making safanbets
different aspects that ihale foreseeing experimental results in the lab, making bids for
pavement maintenance by service companies, determining asphalt material specifications by
departments of transportation, and investing in the manufacturing of new asphalt technologies

by the irdustry(Ghanem 2018 Uncertainty quantification aims at the characterization of the
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proximity between predictions and observations. Itfisld that produces the methodology,
tools, and research to connect cangpional models to the actual physical systems they
simulateby combining concepts of appli@dathematics, engineering, computational science,
and statistic§Ghanem et al. 20)6A major trigger for the need of uncertainty quantification
is make predictions of complex systems that are credible and useful for decision making and
requires computainal and statistical models to improve the odds of their bets and not only
experience, better understanding of physical principles, and laboratory obsen&iidns.
systems include random heterogeneous mettilacomposite materials such as asphalt
concreé mixtures. Ignoring statistical analysis in formulating the properties of such materials
might lead to false conclusions jeopardizing the functionality and economy of built
engineering systen{Simsiriwong et al. 2014
The heterogeneous nature of asphalt concrete, induced by the microstructure of asphalt
mixtures and its spatial distributioalong with the wide range of testing conditions (loading
rates and testing temperatures) that are required to fully present its properties can be
considered as major factors of inherent uncertainty. Also, testing is carried out within
protocols that exhibhigh variability in instrumentation and equipment from one lab to
another Aguiar-Moya et al. 201). Therefore, uncertainties in the measured properties might
be due to several factors relatedémple preparatioand testingnethods data analysis
techniques, anerrois by the operatordhis might includgMehrez et al. 2014
1 Inability to replicate the same mixing and compaction temperatures,
1 Variation in aggregate propertiasd their distributioftbetweerone replicate and
the other,
Slight variations in verticapressure during eopaction,
Difference in the height and diameter of samples during sawing and coring,
Variabilities encountereth the collection of data an@mperature control during
testing,
Spatial variability in air void distribution and its connectivity,
Inability to add the samamount of asphalt binder during the production of asphalt
mixtures.
These challenges result in some uncertainty for the measured values of different material
properties within the same mix. Even if the same sample is tested differenf the

measurements would exhibit a certain level of variahiMghrez et al. 2014



1.4.Research Objective

The main objective of this dissertation is providing a framework for accurate and realistic

characterization of HMA and WMA mixes using advanced material models and a

probabilistic @proach. Thiss carried out mechanistically througjire modelingof the

viscoelastic and viscoplastic behavior of asphalt conandtee compeession state. In

addition, the viscoelastic continuum damagedeling approacts developed to provide

more redktic predictions through the incorporation of the uncertainties in material properties

rendering the current state purely deterministic models towards becoming probabilistic. The

scope of this workncludesa variety of HMA and WMA mixes whichreused taachieve the

following objectives:

1

Assesng the effect of using various WMA technologies (Sasobit, Rediset,

Advera, and Sonnewarmix) on mixes with Gabbro aggregates and two types of
asphalt binders (unmodified and polyrmeodified).

Assesng the effectof usingaramid and polyolefin fibersn the viscoelastic and
viscoplastic properties of WMAnNd their corresponding HMA mixes.

Modeling and quantification othe inherent uncertainties idifferent linear
viscoelastic characteristics of asphalt concrateesmwith different components.
Evaluating the effect of various factors involved in mixture composition, testing
conditions, data fitting and analysis, temperature and loading rate on the inherent
uncertainty of linear viscoelastic functions.

Studying he effect of field versus lab mixing and production conditions on the
uncertainty in linear viscoelastic functions.

Modeling and quantification of the inherent uncertainties of damage characteristic
properties developed in compression state for a vasfedgphalt concrete mixes.
Developingthe deterministic viscoelasttontinuum damageodels towards being
probabilistic referred to as probabilistic viscoelastic continuum damay&=ED)
model,through the forward propagation of the inherent uncdi¢siof each of the
material properties required as an input characterizing the behavior of asphalt
mixes.

Modeling and quantification of the uncertainties in predicted viscoelastic strains in

response to different input stress profiles.



1.5. Dissertation Raadmap

This dissertation consists of nine different chapt@isapter 1briefly introduces the
main aspect of each of tlaeeas in context with the objectives of this dissertation. In addition,
it provides a review of the existing literature dhe performace of WMA, use of advanced
material characterization models to characterize WMA mixes, and the efforts in assessing
uncertainties in the field of pavement engineer{Digapter 2 presents a synthesis of the work
related to the uncertainties in material gedies of asphalt concret€hapter 3 presents the
theoretical background necessary for understanding and the development of the \iscoelast
continuum damage model ambcoplastic modehggregated as the viscoelastoplastic model.
This chapter alspreents methods for determining and intenvertingof linear viscoelastic
material response functions, which are the building blocks of sepresentative
characterization model.

Chapter 4 illustrates thdifferent types of materials used in this researitiuding
aggregates, asphalt binders, WMA additives, and fibers. It covers the methodology followed
for selection of aggregate gradations, mix designs of HMA and WMA mixes, and sample
preparation protocols followed in this research. dddition, this chapr presents the
experimental program, test methods, testing systems, and the instrumargatidor testing
the samples of the investigated types of asphalt concrete mixes. Chapter 5 is dedicated to
present the tested properties of all HMA, WMA, anderteinforced mixes. These properties
include the linear viscoelastic functions, developed viscoelastic continuum damage models,
and the viscoplastic models characterizing the behavior of each of the mixes. In addition, this
chapter provides the assessmaithe performance of these different WMA mixes and fiber
reinforced mixes as compared to the control HMA mixes.

All efforts in the roadway towards the quantification and modeling of the uncertainties
in the mechanical properties of asphalt concrete snaxe presented in Chapters 6, 7, &nd
While chapter 6 presents a framework for modeling the inherent uncertainty in the components
of the viscoelastic damage model, Chapter 7 presents the methodology required for the
development of a probabilistic visglastic continuum damage mod&VYECD) along with
probabilistic viscoelastic strains predicted in response to various stress profiles for a suit of
different types of mixes. Chapter 6 provides the detailed methodology followed to assess
uncertainties iproperties acquired using complex modulus and constant crosshead rate testing
models. However, Chapter presents the results of the develog@¥ECD model with
suggested simplifications for the development of the VECD model without effecting the
accuracynor the precision of its predictions. All the work presented in these chapters is based
on a singldaboratory prepared and fabricated asphalt concrete samples. Thus, Chapter 8
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provides a step further in the assessment of uncertainties in asphalt camgtetes, and
basically linear viscoelastic functions, by the investigations of data of 6 different mixes with a
large number of samples per mix. This chapter provides an insight of variability that could be
incurred due to plant mixing conditions and rdboratory testing which is the case
discretizing issues related to the actual conditions of the production and testing of asphalt
concrete mixes in the field.

Finally, the dissertation is concluded by Chapter 9 representing an overview of the
conclusims and major findings of the work presented in Chapters 5, 6, 7, and 8. This chapter
also highlight the scope and suggestions for future work. Also, a set of appendices is included
at the end of this dissertation presenting sample preparation and prdadmmigtory data sheet
forms, codes written for carrying out the different required computations especially those
related to the VECD model amtborithms used for uncertainty modeling. In addition, a dataset
with the complex modulus test results for Haenples of all mixes is presented. The advantage
of such a dataset is not only providing fundamental properties of a variety of asphalt concrete
mixes that could be used by other researchers and projects but also provides the complex

modulus data from bigumber of tested replicates per mix.
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CHAPTER 2

LITERATURE REVIEWON UNCERTAINTIES INMATERIAL
BEHAVIOUR

2.1 Types O Uncertainty

As any other engineering applications, the uncertainty in asphalt characterization is
unavoidable where the availableramiable contaisvariability and insufficient or incomplete
information for fully characterizing the behavior of asphaliaddition, performance
predictions are yielded from asphalt characterization models with unknown degrees of
imperfections relativéo realitywhich involve additional uncertaintie§.heseuncertainties
can be classified under two categorasghe following Tang and Ang 2007

- Aleatory Uncertainty: It refers to uncertainty about inherently variable phenomena.
Such phenomena are characterized by field or laboratqgryiments and observations
that possesses a significant level of variability deswgilits natural randomness. Thus,
the variability inherent in such data will be statistical in nature and thus itsateaiz
will involve probability.

- Epistemic Uncertaity: It refers to uncertainty arising from lack of knowledge and
associated witlhdealizedmodelsthat could be an imperfect representaidrhe real
world. These models could be mathematical or simulation models where their analysis,
predictions, or stimatiors might have some degree of error and thus contain
uncertainty.

In this researchthe two types of uncertainties will be combined and their aggregate

effects will be estimated accordingly.

2.2 Uncertainty In Dynamic Modulus |E*| Data

Quant i éuyni cnegr dtfaltimgt yi mport ant dueprtediidtsed nf |
per f or mgphatipea voefment s. The most reliable appr o
experimental testing whereby maisinuniofctheee ves of
temperatures and three frequencifgst|is affected by the HMA miyropertiesthe test
frequency the test temperaturexperimental setugnd thespecimen geometipaniel et al.

2004 Tashman and Elangovan 2008ince asphalt is a viscoelastoplastic material, the |E*|
testing protocol is quite complex and may include uncertaidtieso experimental setups,

sample preparation methods, data analysis techniques, and human error.
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For field applications involving large quantities of asphalt mixtures that are
constructed over several days, additional uncertainties in material properties are expected due
to variations in the asphalt production activities other than that due to the nadsphalt
mixture and sample preparation and testing. Although the aim of any mixing plant is to
produce a target mix that is exactly the same from one day to another (or even from one batch
to another), this aim might not be achieved due to uncertainttes iplant operations and
variabilities in raw materials. Since the mixing plant activities are supervised and bound by
the mix and construction specifications, these variabilities are generally limited and lie within
an acceptable tolerance. For examptanmonly specified acceptable ranges for the
variations of the asphalt content and air voidst&x@-0.3% andt0.5%, respectively
(Hamdar et al. 2013ahoney et al. 2000Production specifications and tolerances vary
from one agency to another and from one project to the other. Despite the level of control that
is practiced in the production of large quantities of asphalt mixtures in the field, the
uncertainty in |E*| due to inherent variability between batches in a given project is expected
to be of importance in determining the reliability of an asphalt pavemsgotimpance.

The literature is currently lacking information about the uncertainty in |E*| due to the
inherent variability resulting from production of large volumes of asphalt mixes in practical
field pavement operations. There is an urgent need for €yiagtthis uncertainty due to two
main reasons. First, information about inherent variability in |E*| is needed for adopting
realistic QA/QC measures, especially that critoaimum |E*| values havebeen
recommended as potent@A/QC parametesin the ield (Azari et al. 200Y. Second, proper
quantification of the magnitude of the uncertainty in |E*| due to inherent variability is
important from a design perspective since it will allow for separating this source of
uncertaity from other sources of uncertainty that affect the prediction of |E*|. These other
sources of uncertainty are primarily related to the empirical models used to predict |E*|
(exampleWitczak Hirsch, Kahil et al., among other®ahil et al. 201% Since nodel
uncertainties are generally evaluated from statistical analyses involving databases of
measured and predicted |E*| values, the evaluation of model uncertainty could be flawed by
the inherent variability that could exist in the measured values diojgt|e cases included
in the database. This could result in estimates of model uncertainty that are larger than
expected, falsely indicating that the available models are ineffective at predicting |E*|.

Limited research studies on pavement reliabpityblems using |E*| indicate that the
variability in the resilient modulus is generally adopted to represent the uncertainty in |E*|
(Aguiar-Moya and Prozzi 201 Dilip et al. 2013Kim and Lee 2002Vaji and Das 2008
Additionally, the statistical properties of thsphalt moduluand its probability distribution
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are normally adopted from existing literatune the resilient modulus yielding a coefficient
of variaton (COV) in the range of 0.1 to O(ZFimm et al. 1999 AguiarMoya and Prozzi
reported that the modulus of the HMA layeastesignificantimpact on the performance of a
given layer evemvhen using a COV less than 1(%guiar-Moya and Prozzi 20)1
Alternatively, many studies use the probability distributions of the input parameters of the
Witczak or Hirsh predictive models fti*| to determine the distribution ¢&*| through
Monte Carlo simulations or other reliability based aredyaguiar-Moyaet al. 2012EI-
Basyouny and Jeong 2011zong 2010Thyagarajan et al. 2011

The degre®f uncertainty in |E*| depends on the method used to determine |E*|. If
|E*| is being measured in the laboratory using conventional testing protocols, the main source
of uncertainty will be the inherent variability due to the different factors descrilbkeet el
|E*| is being predicted using available empirical models, the main sources of uncertainty stem
from uncertainty associated with the predictive model and the inherent variability that is
expected to exist in practical field conditioAd. of the previousattemptdo characterize the
uncertainty in |E*fall shortof providing a realistiquantification of the sources of
uncertainty in |E*|. The study done by Kahil et. al. constituted the first attempt to determine a
priori realistic probability ditribution for |E*| at any reduced frequer{gyahil et al. 2015
The approaciprovided a realisticuniversalprobability model fojE*| regardless of the
properties of the asphalt concrete mix being usétiough no attempt was made to separate
the different sources of uncertainty, the study showedahaiccurate representation of the
averaggdE*| master curve can be obtained using the mathematical expressions of the
sigmoidal functionThe main finding of the study is thatetuniversalcoefficient of vaiation
(COV) of |[E*| varies significantly with reduced frequency, with the COV increasmmm a
relatively small value of 0.55 for high reduced frequesto a high value of 1.55 for the very
low reduced frequencieBased on the statistical charactatian of |E*|, 96% confidence
boundsabout the mean master cuwere determined as shownkigurel. These
confidence intervals are indicative of the level of uncertaintifhpredictions for a given
reduced fequency

The probabilistic |E*| model presented by Kabhil et al. represents the universal
uncertainty in |E*|. The COVs that are reflected in the m@lglrel a) include the
contributions of model uncertaintyigsnoidal model) and uncertainty due to inherent
variability (for measured |[E*| in database). There is a need for quantifying the contribution of
the inherent variability to the universal uncertainty in |E*|. Typically, specifications and
standards requiresting only two or three samples for |E*| to assess the variability in the |E*|

master curve of a given mix. Testing a larger number of samples is prohibitive due to the fact
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that the testing needed to measure |E*| is complex, expensive, and time cgn3inus; it is

difficult to assess the inherent variability of a certain mix based on the typical practice due to

the small number of tested specimens.
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Figure 1. (a) Variation of COV of |E*| with reducedfrequency (b) Average wiversal
|E*| master curvewith 96% confidencebounds.

2.3 Uncertainty In Relaxation Modulus And Creep Compliance

|E*| serves as a key input parameter for the design and analysis of the performance of

pavements in terms of rutting and fatigue cracking usiegriechanistiempirical pavement

design guide (recently known as Pavement ME or DARWI). However, E(t) and D(t)

serve as two fundamental input parameters for the development of advanced VEPCD model

of asphalt concrete. Also, D(t) serves as a majompatiex for the characterization of the

thermal cracking behavior of asphalt concrete m{gasrah and Kutay 20L5The analysis

of the viscoelastic behavior of asphalt concrete by finite element analysis requires the shear

modulus (G(t) and bulk modulus (K(t)) as fundamental properties presenting the time and

temperature dependency of asphalt mi¥e=ari et al. 2007Elseifi et al. 2006Kim et al.
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2010 G(t) and K(t) are typically calculated
that E(t) and D(t) are key parameters for different probl@ngsmethods related to the

analysis of pavement performance which implies the necessity of accurately presenting these
properties by characterizing the uncertainties associated with them. This is required to serve

as an input to robust reliability analy$is the performance of asphalt pavements. Given the
uncertainties quantified for |E*| and the fact that the common practice requires the use of
interconversion methods to obtain E(t) and D(t) from measured E* data, it is believed to be
necessary to quafjithe inherent uncertainties associated with E(t) and D(t) as a function of
reduced time. Thus, the inheremicertainty of E* presented g(w) will be propagated

forward to quantify that of E(t) and D(t) in
Prony representation of E(t) and D(t) of any asphalt concrete mix will be a probabilistic

model that can be used as an input for anyyarsamethod requiring any of these properties.

It allows the calculation of E(t) and D(t) with the associated uncertainty at any required

reduced time.

Limited research is available in the literature on quantifying the uncertainty associated
with E(t) ard D(t). Hilton et al. studied the effect of using each of the Gaussian and Betta
distributions to present the probability distributions of the creep and relaxation functions
(Hilton et al. 199). The relaxation modulus data was found to be dispersed over an interval
of six standard deviations around the mean, with standard deviations modeled as adéinction
time. A study conducted by Simsiriwong et al. has stated that viscoelastic material properties
generally exhibit a large degree of scatter in the order-4080%6 and ignoring statistical
analysis in the formulation of viscoelastic functions lead teefabnclusionéSimsiriwong et
al. 2014. This study focused on determining the variabtyghortterm creep compliance
curves fitted by Prony series for a thermoset vinyl ester resin. The conducted statistical
analysis showed that Weibull distribution with two parameters can be used for fitting D(t) at
any time. In addition, a study condutttey Mehrez et. al has addressed the modeling of the
components of D(t) for AC: storage and | oss
stochastic identification framework that accounts for different sources of uncertainty such as
noisy measurements, madeadequacy, inherent material variability, and scarcity of
available testing data presented by only two replicates for eactMahrez et al. 204 The
proposed probabilistic framework has the ability to overcome the shortcomings of typically
used deterministic calibrationethods where the averaging of available data does not

account for uncertainties imposed by the data, calibration process, and modeling approach.
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2.4 Uncertainty In Advanced Mechanistic Models

TheVEPCD modetequires severaimaterial propertiethat needd bedetermined
using different test metlis (complex modulutest, crossead test, creep and recovery
test é) at mycohdtiens @ad temperatiamedst results might be used directly or
after being converted mathematically to determine oteededoroperties such ag) using
complexmodulus(E*) data to determine creep colmapce(D(t)) and relaxation modulus
(E(t), and 2)using data from monotonic tests to determine damage evolution cBoats.
mathematical formulations and computationgtminduce further uncertainties in the
material properties which will propagate forward towards the preditedelastiand
viscoplasticstrains.Thus, it is needed toonsider the inherent uncertairstysociated with
each of the required material pespes and to propagatieemwithin a probabilistic
framework tavardsthe achievement @& probabilistic VEPCDmodel.

The common practice in developing and calibralfitd®CD modelconsidersall these
properties to be deterministiscalculatedoy averagig the results of testing two or three
replicates of each testlowever, dargernumber of replicates for each test is needed for
conducting a meaningful statistical analy3iBisis notacommon pacticedue to the
complex, expensive, and tirmensumingpreparation and testing of asphadncrete
specimensin this research, mixes with at leagghtreplicates for each required test will be
investigatedo model and quantify the inherent variability in eaéthe input material
properties. Tiese uncertaties will be forward propagated provide a probabilistic model
for the predictediscoelasticstrains.

In general, limited research has been conducted on probabilistic modeling of the inherent
uncertainties in asphalt material properties specifichly on advanced asphalt material
characterization modelé study conducted by Mehrez et 2014 addressethe stochastic
modeling and propagatiasf creep compliance within a probabilistic framework coupled
with finite element analysis to provide aesfral representation and statistical analysis of
strain responsehich can be used for reliability based analysis of pavement performance.
(Mehrez et al. 2004 Another studies havaddressed the modeling of the uncertainty in
material properties of asphalt pavemeantterms of randomizedir voidfields andthe
incorporation of the random distribution of these voids into maweolanical modeling of
flexible pavements using finite element meth@daro et al. 201,3astillo and Caro 2034
Also, thisheterogeneity in asphalt concrete mixtures was incorporated using stochastic
techniques to simulate the response of asphalt concrete layers subjected to moisture diffusion

and mechanical loadingaro et al. 2016
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Recently, research initiatives have taken plageéwide probabilisti@ppraches for
modeling the mechanistic behavior of asphalt concrete and namely the prediction of the
viscoelastic and viscoplastic straihge et al. (2015) developed a probabilistic approach for
modeling the fatigue crack growth for asphalt concfiete et al. 2016 A research
conducted by Sa#te(2015)provideda no\el probabilisticframeworkfor predicting as
accurate as possibliefatigue lifeof asphalt mixes using thescoelasticcontinuum
damage approadivadek 201p In this study, the number of cycles to failure by fatigue
cracking has been modeled by considetirgmaterial propertiefom three tested replicates
where these propertiese consideredsnormally-distributedrandom variablesT his
probabilistic analysis provided more consistent and reliable fatigue life results that those of
the deterministic analys{$adek et al. 2016

Research by Gudipudi and Underwood (2016) studied the reliability of the fatigue life of
asphalt concrete with the simplifiad@dECD model. The method considered the uncertainty
and variability of the input parameters related to the linear viscoelastic characterization,
damage characteristic curve, and failure critetionugh MonteCarlo Simations(Gudipudi
and Underwood 2036The presented work examined only a single mix, a single laboratory,
anda limited number of replicates that could induce some errors in the probability
distribution of the input parameters used in the prediction modelsfrahiswork has been
expandedo improve the reliability of predicting the fatigue life predictidaysusing data
from the fine aggregate matgphase rather than the asphalt conadetta(Gudipudi and
Underwood 201}

Sharma and Swamy (201&)dSingh and Swamy (2017) presengegdrobabilistic
approach talescribe the scatter in damage characteristic cusess for the prediction of
fatigue cracking based arECD mechanicsThis research shows thaignificant scatter is
found in the damage characteristic curves even undeicavediolled laboratory conditions as
shown inFigure2 (Sharma and Swamy 2018ingh and Swamy 20).7This is done by
testingeight replicates of the investigated asphalt concrete mix: four replicates to determine
the linear viscoelastic properties and other four useddorageinducingtess to determine
fatigue properties of asphalt concréefeen, 16 damage characteristic curves were calculated,
fitted, and used to characterize the scatter by fitting the distribution of the damage parameter

values obtained at particular values of normaligseudostiffness.
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Figure 2. Probabilistic damage characteristic curveafter Singh and Swamy 2017)

Theavailablestudies in literature aim aroviding probabilistic approaches for predicting
the resistance of asphalt corterenixes to fatigue cracking that is based on testing asphalt
mixes either in tension state or tension/compression state. A recent study by Bai et al. (2016)
presented a stochastic viscoelasigcoplastic model to analytically investigate the
modification effect of fine and coarse crumb rubber using thepdogess on asphalt mixtures
under uniaxial compressionstateth e pr esent ed model i's based
viscodast i ¢ model and Schwartzds viscopmsphaltst i ¢
mix is considered to be decomposed of viscoelastic strain and a viscoplastic component
multiplied by a timeindependent random parameter to representing sample dispersion. The
scatter of the viscoelastic stragmeglected as assumed that it is msmaller than the
viscoplasticstrainBai et al. 201% This parameter has a lognormal distribatand
calculated based on the realizatiorfafr creep tests anfive repeated stresseep and
recovery tests conducted in compression state’&@&.15

Many of these studies are novel yet more work is required towards rendering asphalt
characterizationrbm being deterministic towards being fully probabilistic. Such work needs
to be conducted under the condition of fully understanding the concepts of probability and
statistics associated with the problem in hand. It is needed to make a proper use of such
concepts to properly characterize and quantify the uncertainties associated with the various

parameters being investigated.
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CHAPTER 3

THEORETICAL BACKGROWND ON ASPHALT MATERIALS
CHARACTERIZATION

3.1 Introduction

Material characterization modedan provideaccurae and advancethaterialproperties
that account for the inherent behaviotlod different HMA and WMA mixesutilized in this
researchThese are mathematical modtiat idealizehe real mechanical or/and engineering
behaviorof asphalt mixes. Such modedre based on historically developed theories and have
different levels of complexity.

Asphalt concrete can be considered a unique material whose mechanics differ from that
of other commonly used materials. This uniqueness is imposed by different fatdted to
its composition, production process, environnaérbnditions and performance which is
dictated by its differentnodes of failureAsphalt concretes a composite material basically
made up of aggregates, asphalt binded air voids along with other constituents that might
be added to improve any of the previously mentioned aspects. These include but are not
limited to WMA additves, fibers, fillers, recycled materialmodifiers and antistripping
agents. Mixes with these additiviesvea complex behavior due to the variabilixesented
in the composition, properties, stiffness, distribution, localization, and interactioneoetwe
each of its components which varies from one source to an&trer.though the asphalt
binder constitutesnly about 3% to 7% by weight of the asphalt concrete mix, its sensitivity
to temperature and loading rate makes the behavior of asphalt conoreteomplex and
challenging.This might beevenmore complicated due to the incorporation of additives

having different functions and interactions with the other components of the mix.

Thebehaviorof asphalt concretmay vary from elastic and line®iE at low temperatures
and/or fast loading rates to ntinearVE, VP and plastic at high temperatures or slow
loading rate¢Chehab 200R The nonlinealE behavior might be also experienced at service
loading conditions due damapgeesented by microracking. In this caséhe complexity will
be encountered by the need to account fotadereditary effects of the asphalong with
theevolution ofdamaggPark et al. 1996 Thus, a comprehensive reatl characterization
model has to include the different behaviors of asphalt concrebsitetheVE andVP

components
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Constitutive models represent the mathematical relationship between the changes in stress
and strains in asphalt mixtures basecrperimentally obtained results. Such modets
based on two approaches in the field of mechanics of materials:

1) Micromechanical Approaak based on the discretization of the asphalt concrete and
characterizing the properties of its constituents. Sthte of damage is characterized by the
measurement and evaluation of the defects that compose it and how the distribution of these
microdefects affect the macroscopic constitutive paraméabizas et al. 200Kim 2008
Shakiba et al. 2033The @mplexity of the microstructureicromechanicsand the
interactions mong the microdefects require certain assumptions and simplifications that
might lead to compromising the realistic characterization of the macroscopic behavior of
asphaltKim 2008 Park et al. 1996

2) MacramechanicaApproachconsiders the asphalt mixture as a homogenous continuum
without modeling its individual awstituents where the model is based on experimental
measuremesif representative samples of the asphalt concrete compHhsisemodel is
independent of the mixturedbds spetrdiadngat proper
micro-scale level. Imodelsthe behavior based on parameters that cabtaned on a
macrascale leve(Underwood et al. 2030This approach quantifies damage by internal state
variables within the context of thermodynamics of irreversible procéissesand Kim
1998.

3.2 Overview of Modeling Approach

In this research, the continuum masale damage modslutilized in order to
characterize the mechanical behavior of asphaltrete with growing damagBased on
continuum damage mechanics, the strain constitutive equations for dhmaigeials may
be derived in the same way for a virgin material except for the effestiffreessof the
material whichtakes into accourthered uct i on of the material 6s st
(Lemaitre 2012 In other words, the damageddyois considered as an undamaged body
with reduced stiffnessThus this approach acquiresthreo del i ng of t he mat er |
of microstructurachanges througbbservational propertied this materiglthustakinginto
account the fact that asphabncrete behaves differently variousemperatureand loading
rates. Based on the strain decompositjmmciple, the strain response of an asphalt mix has

several components as presenteBdnationl (Chehab et al. 200%aadeh et al. 2007
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- - - - - Equation 1

where:

- total strain response, = elastic strain which is recoverable and instantaneous,

- = viscoelasticstrain which isrecoverable and time dependent,= plastic strain which is
irrecoverable and instantaneous, and and viscoplastic strain which is irrecoverable and
time dependent.

Thebehaviorof asphalt concretean extend fronVE at low temperatures drfast loads
to VP at high tenperatures and slow loadsh& adopted modeling strategy aims at modeling
each component separately referred to a¥thetrain combining both elastic aME strains
(both the linear and nonlinear componends)d theVP stran which combines both the
plastic andVP strains.These are combined togethery i el d t he matte i al 6s r
VEPCD nodel(Chehab 2002 This model isselected because itapplicable for the
characterization of the behavior of asphalt concrete under complex loading conditions and
different temperaturesithout the need to deal with the complicated physicatacteons at
the microscale level. In addition, theededesting protocol is simple where ity@res
complex modulus testingndconstant croggead rate tests at low and high temperat(¥es
and Kim 201).

TheusedVEmodel i ng approach i s based oAheSchaper
model, originally developed for modeling solid retlpropellant and then developed by Kim
and Little for asphalt concrete (Kim and Little 1990, Kim et al. 1997, Lee and Kim 1998a), is
based on a thermodynamic formulatidiis theory presents the structural changes with the
growth of damage using interngthte variableg=or theVP component, the strain hardening
model from Uzands worpkrpdsezan btalelf8hEhid mquelisd f or
needed becauskeVE model is not able to realistically characterize the behavior of asphalt
concrete at conditions of high temperatand/or slow loading rates at whitie VP

component becomes significg@hehab 200R

The adopted stratgdor the VEPCD modeling requires a stepwise approach such that the
experimental program systematically evaluaiesdifferent strain components frahe
simplest statef linear viscoelasticityl(VE) without cracking and permanent deformation
stateswith complex mechanismacluding the cases of nonlinear viscoelasticity due to
microcracking damage and the ca$eiscoplasticity(Kim 2008. First, theVE model is
developed based on experimental testing for cases of low temperatures and/or high testing

rates where the effect of eigplasticity is minimal. Then, the experimental data of tests at
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high temperature and/or slow loading rates is used for the development/éf thedel. The

VEPCD is based on the following four principles:

1 ElasticViscoelastic correspondence principle

1 Work potential theory and continuum damage mechanics
1 Strain hardening viscoplastic model

1 Time-temperature superposition with growing damage

3.3 Linear ViscoelasticCharacterization

As mentioned earlier, asphalt concrete is a viscoelastic materialkthattsa time/rate
dependencykor a system to be linear, it must satisfy the conditions of both homogeneity and
superposition:
1 Homogeneity:
2A) A2 Equation 2

1 Superposition:
2) ) 2) 2) Equation 3

where: 1,11, andl> = input histories, R=response, and c= arbitrary constant.

The response is ariation of the input hisiry as illustrated through simple examples
presented iTable2. Homogeneity requirethat the response is proportional to the input and
the superposition implies that the response to the sum of n inputs is equal to the sum of the

responses of the n individual inputs.

Table 2. lllustration of the time dependence of the behavior of asphalt concrete using
different tests.

EXPERIMENT STRAIN STRESS
CREEP Increase (R) Constant (1)
RELAXATION Constant (1) Decrease (R)
Sinusoidal/Haversine Sinusoidal/Haversine
(R) {)
SYieiie R has the same shape as | but with a shift lag (Stres
precedes strain by phase angle)
CONSTANT RATE Constant rate of increase ( Increases till maximum (R)

The response of the mataris a function of both current and past input histdhe
mathematical formulation of the LVE theory presentimg relationship between the input
and respons@.e. constitutive equations for strestsain relationshipis expressed through

the convoltion integral (also known as hereditary, superposition, Boltzman intexgal)
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presented ifcquation4. This integral is built on the principle of superposition to determine
the response of an input history consigtof an infinite number of increments over the time

domain.

Y Y ot —Qf Equation 4

where: Ry = unit response function, I= input history, Respons, t = time of interesgnd_
= integration parameter.

Equation4 allows the calculation of the response to any input history for an aging
LVE system in which the prediction at any time is a function of timelwidation and time
of loading. In this research, asphalt concrete is assumed to behave ssgmgamsystem in
which Equation4 reduces as the following:

Y Y o ft 28 T Equation 5
o Tgf q
The lower bound of integration can be reducedto O insteddl ofi f t he I nput ¢
time 0 and both the response and input are equal to 0 at t<0. The designation O represent time

0 which in fact account for any possible discountin in the input at t=0. Thugquation5

reduces to:
Y Y o t—0Qf Equation 6
For uniaxial loading, the neaging linear viscoelastic stresdrain relationships are:
., . O0 t-—0f Equation 7
- . 00 t—0fF Equation 8
where: E(t) and D(t) are unit response functions presenting the relaxation modulus and creep
compliance, respectively.

The characterization of LVE behavior of asphalt conasstiene through a set of
experimental uniaal tests that are able to take into consideration the time dependency of the
mat eri al 6s r espons e.theJelpwpetiesfasplsalt abrcnete ardanon det er
damagenducing testperformed in the LVE range order to determine the unit pEnse
functions being: complex modulyg*) in frequency domain, and relaxation modulEt))
and creep compliand®(t)) in time domain.

These response functions are fundamental for characterizing the behavior of asphalt
concrete in the LVE; however,dli are required as fundamental input for the development of
the VEPCD modelMoreover they are used as the viscoelastic fingerptmaissess the

specimerto-specimen variability in experimental testing of asphalt con¢kate 2008). The
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relaxation modulus is needed for the calculation of pseudostrains and the creep compliance is
required to calculate the strains beyond the LVE range.
3.3.1 Complex Modulus

The complex modulus*ts a response function that relates stress to strain in the LVE
range upon application of a sinusoidal/haversine loading. It is composed of two components:
1) dynamic modulus |E*| presenting the ratio of stress amplitude to strain amplitude and 2)
phaseangle presenting the time lag between stress and sBaing a complex number, E*

has both real and imaginary parts, the storage and loss moduli redpedisbown in

Equation9.
K A A Equation 9
where
E6 = Storage Modul us,
E66= Loss Modulus, and
i = p.

Therefore, the ngnitude of the Ef.e. |E*|is defined as showin Equationl0:
9%s W% % Equation 10
The storage and loss moduli are related to the dynamic modulus as shHeguation

11 andEquationl2, respectivelyThis relation is represented Bygure3. Thephase angle
(«) presents the del ay bettweenaststwmiste s hanta
bemore elasticeaching a value of zero farpure elastic matial. Similarly, the more the
material is viscous the more the phase angle tends to indfeas® pure viscous material
has«=90.

P SESHIIM Equation 11

P OSESTin Equation 12

LLoss Modulus,

R S S p—— |

Storage Modulus, E’

Figure 3. Complex modulus graphical representation
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3.3.2 Relaxation Modulus

The relaxation modulus E(t) is thiene dependergtress rgsonse to a unmniaxial strain
input. In the LVE rangek(t) can be obtainealt different strain levels bgefining it as:

0o — Equation 13

where:, 0 =time dependent stress and= constant applied strain
At short times, the E(t) follows a high asymptotic phatéevel referred to as the glassy or
elastic modulus where it falls to reach the equilibrium (rubbery) modulus presented by a low

asymptotic plateau at longer tim@&ticha 2007.

3.3.3 Creep Compliance

The creep compliance D(t) is the time dependent stesponse to a unit uniaxial stress

input. In the LVE range, D(t) can be obtained at different stress levels defined as:
0o — Equation 14

where:- 0 = time dependent strain apd = constant applied stress.
If asphalt concretes purely elastic, D(t) and E(t) will béhe reciprocal of each other.
However, since asphalt is a viscoelastic matehien the constitutive equation relating D(t)
to E(t) wildl be det er mi n d&quationgin Bqudlientwhithut i ng t
yields:
Equation 15

Oo ¢ Q% Qt
P ° QT

3.4 ConversionAmong LVE Response Functions

Researchers have shown that these three LVE response functions are mathematically
equivalent and each has essentially the same information regarding thencreelaeation
behavior of asphalt concrefieark and Kim 1999 This indicates that measuring anfehese
responses experimentally allows it to be conveutgsdg mathematical formulations
determine the other two respongkkin et al. 200Y. The need for interconversion arises
from several factorthat can be summarized through the following points:

1) E* and D(t) can be measured easily in lahjle the mechanical s&ing of E(t) requires
robust anchigh capacity testing machines

2) If the three functions are to be measured experimentally, then more samples are needed
implying experimental prograntiatrequire more time

3) It is not always possible to conduct E(tddn(t) over a wide range of time domain
such as at very short times
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4) Risk of exceeding the LVE range in mechanical tests of E(t) and D(t).
Therefore E* testis conduced and converteghathematically to determine E(t) and D8
presentedbelow.

3.4.1 Analytical Representation of E(t) and D(t)

Whether E(t) and D(t) are measured through mecHa®isting or converted from Ethe
data of those response functions should be fitted to representative analytical models to be
used for modelinghe VE and VP behaois Several analytical representations were
investigated by previous researchers such as: pure power law, generalized power law,
modified power law, and Prony serigam 2008). The Prony series representation will be
usedfor E(t) and D(t). Thee series havbeen shown to have the ability of modeling a wide
range of LVE response and the ease in computations of integrals of VHR({SOsdue to
their relatively simple andugged computation efficiency associated with tegwonential
basis. The use of Pnyg series for the characterization of LVE properties is basé¢deon
theory of mechanicahodels presented by linear springs and dashpots.

The Prony series representatmfrE(t) is physically related to the Wiechert (or
Generalized Maxwellinodel consistingf M Maxwell models connected in parallel with an
individual spring of stiffnes® whose mathematical formulation is presented by the
following form:

06 O B o00Qf Equation 16
where:
‘O =long time equilibrimm moduluswhich can be determindtbm the storage
modulus at a very small non negative radial frequéhtyn et al. 200y,
" =relaxation time, and
'O = Prony regression coefficients.

The relaxation times are usually assumed and thus the regression coefficients can be
determined by collocation for certain points of tinibe relaxation coefficients can be
determined by defining the followirget of matries:

0 Square Matrix of size m*n (m=n) whose entries are calculated Wsjugtionl7

6y B Q7 Equation 17

0  Column vector of size n where,A E(tn)-Ep
0  Column vector of size m with nemegative coefficients presenting the relaxation
coefficients The condition that the coefficients are nmygative is not necessary but

preferable
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Having E(}), Ep, tn, and” as known factors, thehe relaxation coefficients can be solved
by performing the following matrix multiplication:
0 0 0 Equation 18
The Prony series representation of D(t) is physia@llated to the Kelvin (or Geradized
Voigt) model consistingf M Kelvin models connected inges with an individual spring
whose mathematical formulation is presented by the following form:
06 O B 0O p QF Equation 19
where:
O = Glassy compliancetnitial creep compliance, it can be calculated as the storage
compliance at a very large angular frequefiyn et al. 200,
O =regression coefficientand
t = Retardation time.
As in the case of E(t), the collocation method is used in order to determine the regression
coefficiens for D(t) where:
An = D(tn)-Do Equation 20
6 B 0 Q Equation 21

3.4.2 ConversionMethods

The conversion between LVE response functions in frequency and time domains has been
illustrated through different methods and approa¢Gashab and Kim 20091un et al.
2007, Park and Kim 1999chapery and Park 1999 he basics of these approaches will be
introduced briefly irthe followingsectiors:

3.5.2.1E* to E(t): Approximate Method
An approximate dationship exists for the calculation of E(t) using the storage modulus

(G ) which can be formulated using the following set of equations:

0, e -02 s Equation 22

where:, = Reduced time, = reduced frequency, and= adjustment function defined as:
wp ¢ AT D Equation 23
wher e: 0 i sionandg & floecalkdodog slope dfCsz

3.5.2.2E* to E(t): Exact Method
The Exact Method is derived from the Generalized Maxwell model where the Fourier

transform is used along with the elastiscodastic correspondence principke* is

expressed throughe following equation:
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g O B R pB M Equation 24
In Equation24, E* is presentd by a complex numbexhose real component is the storage

modulus(Ge2 ) and hence presented as:

O2 O B e pf8 i Equation 25

where:” = Relaxation time and = Reducedngular fequency
The Prony series coefficien® will be solved by the collocation methoflthe Gs2
data calculated from the results of E* testing. These coefficietitbevised to calculate Bt

for asphalt concrete mixes.

3.5.2.3E* to D(t): Direct Conversion
This conversion method is based on the following relationship for LVE systems:

O30 p Equation 26

where:O" = complex compliancandJ = complex modulus.

Equation26is used to calculate the storage complig@cavhichis based on the mechanical
testing ofE* presented as:

0 Al 10 Equation 27

o Cee Cxee LOs

The storage modulus will be presented by the Prony series whose coefficients will be

determined using the collocation method. ThHDiswill be presented as the following:

O O B —— Equation 28

The coefficients oD will be used in order to determine D(t) through Prony series presented

by:

0, O B Op 0 f Equation 29

3.5.2.4E* to D(t): Through E(t)
After determining E(t) using any of the aforementioned methods, it can be converted into

D(t) through an approximate method based on the relation between E(t) and D(t) in the LVE
presengd as:

0000 —o Equation 30

where:m is the power determined from fitting E(t) to power law as presentEdquation31.
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00 0o Equation 31

The power law is not able to present E(t) or D(t) over the entire time db®eanse its
not able to capture the short or long time asymptote. Thereforg(t)haver the entire time
domain will be presented by a set of local power law representations and thus D(t) will be
calculatedusingEquation30. From the converted data, the collocation method will be used to

determine the regression efficients required to fit therBny series of D(t).

3.5 Time-Temperature Superposition
3.5.1 Case of LVE Behavior

The behavior of asphalt concrete is highly dependent on the temperature and
time/frequency of loading. In the LVE rangeisitwell known to be a thermorheologically
simple (TRS) material; i.e. the effects of time or frequency are dependent and thus can be
jointly expressed through one parameter. The-tengperature superposition can be used to
characterize the dependencyasphalt concrete in the LVE rander example, th samgE*|
can be obtainedt different combinations of temperature and loading rate.

The LVE properties (E*, E(t), or D(t)) as a function of time or frequency at different
temperatures, can be shiftediaontally along the time or frequency axis in the log scale to
build a single mstercuwve of the investigated LVE property. This mastercurve will be
developed for a given arbitrary reference temperature towards which the data at different
temperatures wibe shifted and a shift factortfawill be associated with each temperature.
For example|E*| is commonly expressed {s*|(fr) instead olE*|(frequency, Temperature)
where & presents the reduced frequency thatj@nt factor of both frequency and
temperatureln frequency domain, threduced frequencyglfis expressed as:

NORENONA Equation 32
1T 11Q 11 Equation 33

For caseof time domain, reduced time can be expressed as:

o — Equation 34

11T 1T 11T@ Equation 35
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3.5.2 Case of Growing Damage State

The development of constitutive models for the characterization of asphalt concrete
beyond the LVE range requge€onductingexperimental tests that extetaithe case of
damage. Therefore, researchers have inyastil the applicability of the tirtemperature
superposition principlér cases of damage teducethe required experimenttdsting This
helps inhaving economic and efficient experimental programs for the development of such
advanced model3.he applicability of this principle namefgr hot mix asphalt (HMA), in
the cases of growindamageand viscoplastic straining in both tension and compression
stateswas valid(Chehab et al. 200&chwartz et al. 20Q'un & al. 2009 Zhao and Kim
2003. These studies have shown that the same shift factors used for developing the |E*|
mastercurves in the undamaged LVE state can be used for damage state Boalysis.
exampe, theVE strain at high temperatures can be determined by applying thethiifbe
factors obtained from the E* testing to ME model to be developed at low temperatures
(Chehab et al. 200¥un et al. 2009 Moreover these shift factors have been shown to be
applicable at high levels of damage and permanent deformation esgaodthe loading type
(monotonic or repetitive creep and recovyagiven that all tests are to be unconfined or done

at the same confining pressure.

3.6 Modeling of Viscoelastic Behavior

The LVE model is extended to incluttee damage induced loyicrocrackng using the
work-potential theory and the elastrscoelastic correspondence principle to establish the
viscoelastic continuum damage (VECD) mo@ehehab et aR003 Daniel and Kim 2002
Kim and Daniel 1997/Yun et al. 200

3.6.1 Elastic-Viscoelastic Correspondence Rgiple

The elastieviscoelastic correspondenpganciplewas developed by Schapery in order to
eliminate the time dependence and thus simplify a viscoelastic problemnrathamatically
equivalentelasticproblem(Schapery 1984 For noraging and linear systems, the
correspondence occur between tbastitutive equations of theseoelastic and elastic
domains. $resesand strains are not necessarily physical quantities in the viscoelastic body
but pseudwariables in the form of convolution integralore theoretical background of this
concept can be found elsewhé@hehab 2002Schapery 1984

According to Schapery, the uniak@seudostrain-( ) can be defined as:
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) .0 é1 - 6 Equation 36
where:O = Reference modulus set as an arbitrary constakéfasl MPA in this study)
- = Dimensionless pseudtrain;and
, = Uniaxial stress.
Substituting the stress Equation36 with its corresponding stressrain constitutive
equation presented Hquation? yields:

- — 00 t -0t Equation 37

The pseudostrain accounts for all the hereditary effects of the méateoiagh the
convolution integral. lallows for the separation of the viscoelastic behavior from any
accumulated damage. In simple words, pseudostrain can be considered as the stress response
to any srain input in the LVE range. Bgontinuum damagprinciples any rediction in
stiffnessis related to damage. Any reduction in the slope of the spremsdostrain curve is
directly related to the accumulation of damage especially that the time effect is eliminated by
the pseudo. In the LVE range, the slope of the sfgessdostrain curve known as

pseudostiffness is typically 1.0.

3.6.2 Pseudofrain Calculation

Based on previous studies, the pseudostrain can be calculated through two different

methods:

1 Linear piecewise methodt presents the development of the analytical egnatf

pseudostraipresented b¥quation34 which can bereduced as the following:

P2 os 12t 0s t2otE 06 toot
O Qf Qf Qf
Equation 38
Considering the case of constant crosshead testing stegtirscontrolled:
'Q_ & Equation 39
Qf

where( presents @onstangt each time step.

Equation38 can be solved by changévariables througkettingdé 60 1) and
considering the Prony series representation of E(t) as sho&guation16 . This will
reduce the pseudostrain equation as:
O 0o o O 0o " 0Q E & 0o " 0Q

Equation 40
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9 State Variable ApproaciThis approach was deeped by Simo and Hughes

where itconstitutes the transformation of the convolution integral into an

algebraic operatio(Simo and Hughes 1998This method requires the

association of a variable with each Maxwell element of the Prony series
representation of E(t) as presentedgquationl16 . This variable tracks the
behavior of each element throughout the loading and thus the pseudostrain will be

formulated as:

- — - B - Equation 41

— O - - Equation 42
o~ Y o~ o Y .

- Q - 00 - - Equation 43

where:— and- are internal state variables for Maxwell elements i at time step n+1,
respectively.

The algorithms for the two methods amedand checked wdre they provide exactly
the same curve fggseudostraisias a function aime. However, the linear piecewise
approach is inefficient when analyzing large amounts of data because it requires analyzing
the data for all the timeegps before the time of iettest. This results in a higharalysis time
as more data needshie analyzed. However, the state variables method has been shown to be
more efficient wher¢he analysis time is significantlgmallerin comparison to the piecewise
linear methodKim 2008.

3.6.3 Uniaxial Constitutive Modeling Using Work Potential Theory

As mentioned earlier, internal state variables (ISV) will be isediantify the state of
damage in asphalbacrete. In this context, the term damage is defined as all structural
changes, except linear viscoelasticity, that result in the reduction of stiffness or strength as the
material is loadedChehab 2002 When damage occurs in a certain system, the energy
appliedto this system will not be totally stored but part of it will be consumed by causing the
damage to the syste(Park et al. 1996 This amount of consumed energy will be expressed
by ISV. The vork potential theoryor the behavior of elastic media with growing damage
was developed by Schapery basedhemethod of thermodynamics of irreversible processes
and the observed phenomenon of path dependence of work. The elements of this theory in

ternms of strain energy formulaticererepresented through the following equations
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1 Strain energy density function: W - hy Equation 44

1 Stressstrain relationship: " — Equation 45

1 Damage evolution law: _— — Equation 46

where:
- =strains,, =stressesyY = ISV or damage paramet&k= available themodynamic
force from loading, ando = dissipated energy due to damage growth.

These relationships are developed in order to account for viscoelasticity through the
application of the elastigiscoelastic correspondence principle and the repladeofdme
physical strairwith pseudostraitthat will now goverrthe viscoelastic damage. However, the
correspondece principle has been showrsifficient to translate the damage evolution law
of elastic mateal for viscoelastic material because the matarl 6 s r esi st ance to
dependent to¢Kim 2008). Therefore, researchers have shown the applicabilityeofise of
the weltknown powercrack growth laws for vioelastic material as developed by Schapery
in 1975. Thus, the relationships for the work potential theory for viscoelastic material with

rate dependent evolution law will be as the following:

1 Pseudotrain energy density function @ - hy Equation 47
9 Stresspseudostrain relationship: " — Equation 48
1 Damage evolution law: Y — Equation 49
where:
U = malépendentzdnstant related to viscoelasticity of the material

In damage inducing tests, the slopstoess vs. pseudostrain curve decredsedo the
reduction in stiffnessesulting from theaccumulation of damage. This slope is presented by
the pseudostiffnesSY) defined as:

SV Equation 50

The calculation of the pseudostrain requires determining E(t) which is confrerte&*.
The samples used for damage characterization tests such as the cressheadifferent
from those used for E*. The E(t) for the crosshead samples might not be the same as those of
the samples used for E* even though both sets of samplespagsentative of the asphalt
concrete mix under investigation. This is basically due to speeimgpecimen variability
and different uncertainties associated with the testing of each single specimen of both tests.

To account for that:(t) of monotonidesting is normalized by determining a fingerprint of
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every crosshad sample. This is done by testing the sample for |E*| prior to its damage test at

the same temperature of the latter but using a limited number of frequency sweeps. The ratio

of the |E*| ingerprint to that of the |E*| determined from the entire E* testing is used to

normalize E(t) and get the one specific to the crosshead sample.

In addition, the specimeto-specimen variability in the pseudostiffness is corrected

usingthe initialpseud st i f f ne s s \Vafdies arondd Stee narmalizade
pseudostiffness (C) becomes:

5 — Equation 51

The following uniaxial constitutive equationgegresented for linear elastic and linear
viscoelastic systems with and without damdgshows the correspondence whieoghthe

viscoelastiand the elastiequations have the same form with pseudostrain replacing the

physical strain:

1 Elastic body withat damage: . O- Equation 52

1 Elastic body with damage: ., 07°YO- Equation 53

1 Viscoelastic body without damage;, O - Equation 54

1 Viscoelastic body with damage: , 0 "Y O - Equation 55
where: E = YoungOs pseutlastiffness, aric InternaNstate ma |
variable.

The constitutive equation for the uniaxial stresin behavior of asphalt concréte
based on the damage parameter (S) and presented as:

O :
& Eé v - Equation 56

The damage parameter has been shown to be simplified fror8 frtcase of the
uniaxial loading as developed by Park and Kiark et al. 1996 Sis defined as the

Lebesgue norm of pseudostrain as presented by the following equation:
T

Y s s Q, Equation 57
w h e r i a matérial constant presenting the inverse of the maximum slaEof
functions in loglog scale.

3.6.4 C vsSApproach

zed

In order to predict the viscoelastic strain for a given stress input at a given reduced time,

the relatimships relating C t&, andSto stress should be determined. This will be conducted
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for each mix at fast loading rates and cold temperatures to ensure the absence of
viscoeplasticitywherethe C vsS curves should collapse on top of each atliée
expermental results will be used to fit these relationships to serve as the basis corresponding
for the prediction of the viscoelastic strain of every mix.

For each test can be calculated using the psesichin at each data point as obtained
from corresponithg time and strain of the test. MathematicallyS)agan be fitedusing the
C vsSdata for any mix using the following model:

0°Y oQ Equation 58

where: ap, and c are fitthg parameters.

When the strain history is unknowwith only stress and time are giveh¢an be

determined as a function of the Lebesgue norm of stress as blggRark et al. 1996as:
7

Y Q , Q0 Equation 59
S canberelated to the Lebesgue norm of stress (LS) usinddtee of crosshead
testing conducted at low temperature and fast loading rates. The relationship &amden
LS is obtained by fitting the testing data téebm exponential series function:
Y owQ ®»'Q +0'Q +0'Q +0'Q Equation 60
where: aé . iaare fitting parameters.
Using the inverse of and expressing it as a functionofS¢( and G, the VE str

expressed as:

. O 006 t—0t Equation 61

3.7 Modeling of ViscoplasticBehavior

Many studies havbeen conducted in order to develop viscoplastic nsatthelt are able to
predict the permanent strains in HM@ne of these modefer uniaxial loading is assumed
to follow a strairhardening model based on fundamental relationships proposdziinyand
SchaperySchapery and Park 1999zan 1996Uzan et al. 1985 This model was shown to
predict the viscoplastic sirain both cases of compression and tension under monotonic
loading(Chehab et al. 200&ibson 2006Zhao 2002. This can be expressed by:

- - Equation 62

where:- =VP strainrate- = mat eri al 6 s coef®,iisuniexnak of Vi s
stress loading function.

Assumingthat— follows apower law in strainthe VP strairrate equatiomeduces to:
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- - Equation 63

which can be rearranged and integrated as:

o Equation 64
- — . Q, Qo

Assuming power | awWinwhich B anceq afe matarial gofistants, = B 0
the VP model reduces to:

- S 5 Q0o Equation 65

”

where:- istotal viscoplastic strairg, p,and Y are model parameters.

3.8 ViscoElastoPlastic Model

Crosshead tests are conducted at high tempesatndesiow loading rates in order to
determine the VP model coefficients. The response of those testes are shifieleitVE
shift factors taareference temperatune orderto obtain a stresgeduced time history which
is used as an input to the VE model. The predicted VE strains are subtracted from the total
measured strains and the resulting response is attritoutéstoplasticity and used to
determine A, g, and Y of the VP model. The separately developed VE and VP models can be

integrated togethdp present the total strain response for a given stress history:

- O, 00 *t —0t — Equation 66
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CHAPTER 4
EXPERIMENTAL PROGRAM

4.1 Materials
4.1.1 Aggregates

The work hereins partof QNRFNPRP No0:5-506-2-203 thereforethe usedmaterials
represenwhat islocally used for paving projects in Qat&abbro aggregates from Fujairah
in the United Arab Emirates (UAE) are used. This type of aggregates is an igneous rock that
is commonly used in the asdhpavement industry ithe countries othe Arabian Gulf
Regionincluding QatarThese aggregatémvehigher resistance to degradation, higher
texture level, and more skid resistance than the locally available limestone aggregates of
Qatar(Masad et al. 2071

Two aggregate gradatiomgereselectedo presenthe conventional denseraded
mixtures that are used for asphalt surface course (ASC) and asphalt base course (ABC)
These two gradations have nominal maximum aggregate sizes (N0MIAS.0 mm and 25.0
mm presenting an ASC and ABC mixes, respectias\ypresented iRigure4 andFigureb.
These gradationsereselectedafter checking that thgyass the&Superpave criteria and the
Bailey Conformity Equationfom a set of investigated gradations that@mmonlyused

by local contractors in Qatar.

100
o 75 F
£
7
2 _ Superpavecontrol
Tl points for NMAS of
% - 19.0 mm
2 ——% passing, maximum
& density gradation
25 +
—o— Gradation
O 1 1 1
0 1 5

2 3 4
Sieve size, mm, raised to 0.45 power

Figure 4. 19.0 mm gradation used fomixes with Gabbro aggregates
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Figure 5. 25.0 mm gradation used fomixes with Gabbro aggregates

TheBailey methodvas selected for the assessment of the aggregate gradations to
ensure a good packing and interlock of aggregates so that the mix will be resistant to rutting
whil e maintaining the required vol(Mamit ri c pr
2002. This method provides a bettenderstandingf the combination foaggregates used in
asphalt mixtures by redefininfine and coarsaggregatedepending on the NMASn this
context, fine aggregatesethose that fill the voids created in between the coarse aggsegat
when placed in a unit volum&his method is cardad out through the establishment of several
control sieves summarized as the following:

1 Primary Control Sieve (PCS) = 0.22*NMAS= Break sieve between coarse and
fine aggregates
1 Secondary Control Sieve S) = 0.22*PCS = Break sieve between the coarse
and fine portion (i.e. coarse sand) of the fine aggregates (i.e. fine sand)
1 Tertiary Control Sieve (SS) = 0.22*SCS = Break sieve for coarse and fine
portions of the fine sand
1 Half Sieve = 0.5*NMAS= Break sieve for interceptors which are the portion of
coarse ggregates that cannot fill the voids between the large coarse aggregates
and thus spread them apart
The gradation is analyzday determininghree ratios that represent the packing of the
different portions of the aggregate gradat@empresented in thellawing conformity

equations
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.. b

1 Coarse Aggregate Rat{€A Ratio)=
. . . p
1 Fine Aggregate Coarse Ratio (FRatio) =5

. . . . p
1 Fine Aggregate Fine Ratio (FARatio) =5

For every NMAS, esearchers have set ranges for each of thesdadtepassed in order to

be considere@assing the Bailegnethodas shown immable3 (Vavrik 2002.

Table 3. Bailey Conformity equations for 19.0 and 25.0nm gradations.

19.0 mm Gradation 25.0 mm Gradation
Control Control
Sieveor Sieveor
Aggregate Recommendeq Agdgregate
Ratio Ranges of Ratio ReRcommen(?ed
PCS 4.75 Aggregate 4.75 A angeng .
Half Sieve 9.5 Ratios 12.5 ggregate Ratiog
SCS 1.18 1.18
TCS 0.30 0.30
CA 0.68 0.60.75 0.72 0.7-0.85
FAc 0.42 0.350.5 0.44 0.350.5
FAF 0.45 0.350.5 0.45 0.350.5
Superpave Status
(Based on min and Passing Passing
max control points)
Bailey Status Passing Passing

4.1.2 Asphalt Binde

Two asphalt binderthat are commonly used in the pavement construction industry in
Qatarare usedThe first is an unmodified Pen 60/70 which corresponds in the Superpave
Performance Grading (PG) to PG-B4. The second type of binder is a PGZ26which is a
polymer modifed binder supplied by Woqoodhe unmodified bindewasoriginally
imported from Bahrain and it constitstine base bindexhich is modified by styrene
butadiene styrene (SBS) to produce the modified bifides latterwasfurther characterized
through he multiple stress creep and recovery (MSCR) test as a PG76E dicdeding to
AASHTO TP7010.

For each of the two binders, the viscositgsmeasured for three replicates at
temperatures higher than T85in accordance to ASTM D4402. Thimscarriedout to
determine the mixing and compaction temperatures of each of the binders for the cases of the
control HMA mixes. For the unmodified binder, the Asphalt Institute Bfigcous Method

wasused where thmixing and compaction temperatures corresporaluiscosity of
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0.17+0.02 Pa.s and 0.28+0.03 Pa.s, respectively as shdwguie6 (a). Results yieldda
mixing range of 15864aC and a compaction range of 1283xC. Thus, a mixing and
compaction temperature of I€Dand 156C, respectivelywill be used in this study for the
PG 64 binde

For the case of the modified bindarixing and compaction temperatures correspond
to aviscosity of 0.75£0.05 Pa.s and 1.4+0.1 Pa.s, respectivabed on the Eqiscous
method and the recommendations of NCHRP Report 459 as shéigurne6(b) (Bahia et al.
2001). Results yielded mixing and compaction temperature ranges -df38s and 147149
&C, respectively. Thus, for this study the mixing and compaction temperatures of HMA mixes

with modified bindemweresdectedtobe 16 and 150eC, respectively.
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Figure 6. Viscosity vs. temperature for: (a) unmodified binder, (b) modified
binder.

4.1.3 WMA Additives

As stated earlier, a variety of products and technologies are develop@uplemented
in the pavement construction industry with the ultimate beaigthe reduction of
production temperaturek this research, different WMA additives are selettepresenthe
three major categoried WMA based on theicomposition andunctionality. The additives
selected in this study are Advera, Rediset, Sasobit, and SonneWarmiavdulassifiedas
the following
1 Foaming Typically, these techniques incorporate the addition of moisture/water to the
asphalt bindeproducingsmall kubblesthatdecreasés viscosity. A commonly used

foaming product is Advera®It has abouR0% moisturdonded to zeolite chemically
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and structurally The zeolite releases this moistureer a sustained period of time,
causing lasting micrkfoaming. The steam that improveise workability of the mix will

be compressed out during compaction and any residual moisture remaining in the mix
will be reabsorbed by Advera® agétboundedin place(Smith 2007. Once in place,
Advera behaves asmineral filler knowing that it is dree flowing inorganic powder
passing the No. 200 sieve. According to PQ corporation, Advera does not thange
PG of the binder uskand does not imply any need for changimgmix design. It can

be added to the mix at a dosage range of 0.25% by weight of thelfoixing the
reduction in production temperaturesd/70d- as compared to HMASmith 2007.

1 Chemical additives Generally, these additives reduce the friction between the

aggregate anthe asphalt binder that is coating it. Redls@® can beconsidered as
an easyto-use liquid thanot onlyis a WMA additive but it alsoprovidesan active
adhesio that enhances the coatinganfgregate§Hamzah et al. 2035

1 Organic additivesThese additivesise long chin aliphatic hydrocarbons thaan

modify the asphalt binder tbave lower viscosity values at elevated temperatures
compared to traditional asphalt. wdely-usedadditive of this family is Sasobit®
which is a Fisheffropsch wax produced by the treatmefihot coal with steam in the
presence of a catalyst. When added to asphalt binder, it can melt at a temperature of
binder exceeding 115eC to interneabidry | ubr
(Wax 2005. Also, SonneWarmix was selected as an organic WMA additage up
of paraffinicwax. It is typically heated to a temperature of B20°C before blending
it with the binder to achieve a reduction in temperature of approximately 30°C

The used WMA additivesire presented ihable4.

42



Table 4. WMA additives used in this research with the type, supplier, recommended
dosage, and image for each.

iy : Rediset .
WMA Additive Advera® Sasobit® LQ1102CE® SonneWarmixX®
Category Foaming Organic Chemical Organic
Supplier c PQ . Sasol AkzoNobel SonneBorn
orporation
Suppl i el 0.25% by 1.5% by 0.4-0.6% by 0
Recommended weight of weight of weight of W(gi.i%.c?f/ﬁ)i%er
Dosage mix binder binder 9
Image
4.1.4 Fibers

The asphalt reinforcinfijbers usedveresuppliedby FortaCorporation in pregrepared
small bags to be added to the different mixes/batches in the Stuely are provided in
proprietary blends of aramid and polyiefibers of length 19.0 mmas shown irFigure?.
Thesefibers are chemically gt and they are designed for a working temperature of.00
and higher. The polyolefin fibers are made of polypropylene in the form of twisted
fibrillated fibers with a tensile strength of 483 MPa. However, the aramid fibers are of the
form of monofilaments with a tensile strength of 3000 NIRaloush et al. 2008t is
recommended by the supplier to use these fibers at a rate of 0.5 kg per metric ton of asphalt

mixture.

Figure 7. Mix of aramid and polyolefin fibers.

4.2 Mix Designof HMA and WMA

For the gradations presentedrigure4 andFigure5b, 14 different HMA and WMA
mixeswere designed incorporatinigothunmodified and modified binderThese mixes are

43



classified into three different categories based on the combination of the binder type and the
NMAS of the gradations. The |l abels AU250,
document where they are designated as the following:

1 U25: mix with unmodified bider (PG 8-22) and the 25.thm aggregate gradation.

1 M219: mix with modified binder (PG 782) and the 19 mm aggregate gradation.

1 U19: mix with unmodified binder (PG &Z2) and the 19 mm aggregate gradation.
The research has covered 14 different miigls selected combinations of different gradations,
binder type, WMA technologies, fibgrand RAP. These mixes are summarize@iahleb.

Table 5. Description of HMA and WMA mixes.
Mix Aggregate

Category Gradation Binder Type Mix Type
HMA
Gabbro, dense PG 6422 WMA-Sasobit
o graded25mm unmodified WMA -Advera
WMA -Rediset
HMA+ RAP
WMA-Sasobit + RAP
HMA
Gabbro, dense SBPSGI\;igﬁie q WMA -Sasobit
M19 graded, 19mm WMA -Advera
WMA -Rediset
HMA
u19 Gabbro dense PG 6422 WT/I'\,{‘I\'?\SV(\;I;::\I/SZ:fniX
graded,19mm unmodified

WMA -SonneWarmixwith
Fibers

The mix desigaof thecontrolHMA mixes in the threaforementionedategoriesvere
conducted to determine the optimum asphalt conkenitgivesa design air void level of
4.0%. Then, the corresponding WMA mixes of each categerg designed by validating the
optimum asphalt contethat was determined for each of tantrol HMA mixes In order to
design a WMA mix with a targeted level of air voids, three different variables can be varied:
1) compaction temperaturg) asphalt content, and/8y WMA additive dosage. The supplier
of each of the WMA additives recommends a rangéh®dosages to besed and a range for
thetemperatur@eductionduring production and compactio this study, the same
temperatureeduction igproposedor both the mixing and compactiafthe WMA mixes.
The highespossibldevel oftemperatureéeducton is targetedsatisfying the condition thatt

gives afull coating oftheaggregates and a 4.0% air voids for the seomepactioreffort
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used foHMA. For each category of mixes, the optimum asphalt content of the control HMA
mix wasusedfor the correponding WMA mix in order to achieve the same volumetric
propertiesso thata comparablgerformancewill be achievedetween HMA and its
corresponding WMA miXBonaquist 2011l For each WMA mix, differeftVMA additive
dosagesvere used such that they fall within ttEegesecommended by the suppliéns

order to determine the appropriate dosage for eastbination obinder type and WMA
technology It is recommended in this study to hdakie saméemperatureeduction in

mixing and compaction fall WMA mixes regartess of the type of additive amdthout
changing the asphalt content.

All the mixes in this studyeredesigned based on the Superpave Mix Design Maeitiibd
a compaction effort corresponding to case of medium to high traffic with 3 to 30 million
ESALs(Superpave 1996This is represented by the following compaction parameters:

1 Initial number of gyrations () = 8

1 Design number of gyrations &) = 100

1 Maximum number of gyrations (N, = 160

For each mixthe mix designvas conducted by preparing and testihgeespecimens

compactedo Ngesandthreeloose sampleat each of théested asphalt contenfhe
compacted specimens meused to measure the bulk specific gravitygj@ccordingo
ASTM 2726 andhelooseones wee usedor the theoretical maximum specific gravity
(Gmm) according to ASTM 204Tor each mixthe optimum gzhalt content wadetermned
and the Superpave criteras shown irmable6, was checledfor voids in mineral aggregates
(VMA), voids filled with asphalt (VFA), air voids atii and the dugtroportion. Then two
specimens we mixed and compacted tonMN to ensure that the percentage of air voids is
larger than 2%.

Table 6. Superpave design requirements

Required Density

- .
(% of theoretical Gmm) Minimum VMA (%)

Design ESALs VFA
(million) RS (%)
, mm
Nini Ndes Nmax
25 19
10 to < 30 O 8¢ 96.0 O 9¢ 12.0 13.0 6575

4.2.1 Mixes with Unmodified Binder and 25.0 mm Gradation
For the U25HMA mix, volumetric propertiesvere investigateét four different

asphalt contents: 3.0%, 3.5%, 4.0%, and 4.5% of the total weight of th&meioptinum
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asphalt content of this HMA miwas determined a8.6% for a target air voids of@% with

a VMA of 12.4%, a VFA of 69%, % air voids at,\of 12.8%, and % air voids at.{k of

2.6% as presented Figure8. The final mix design passes all the Superpave criteria except

for the dust proportion which is 1.3 that exceeds the Superpave maximum limit of 1.2.
However, this maximum limit is recommended to be increased to 1.6 as per the guidelines of
Superpave Lead Sttt and AASHTO MP2Solaimanian et al. 1999
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Figure 8. Volumetric properties of 25.0mm mix with unmodified binder.

For WMA mixes with unmodified binder, the reduction of temperature was selected
to be 38C implying a mixing and compaction temperatures ofC2nd115°C,

respectively. Thiseduction in temperature is accepted bec&uiseoating of aggregatds
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achievedduringmixing for all WMA additivesinvestigated The mix designs of WMA mixes
of this category are summarized as the following:
1 U25WMA -Advera Mix: Considering the optimurasphalt conten£f AC) of 3.6%

for the control HMA WMA mixes with Adveravereprepared having different

dosagesThe testingesults showedn average air void levef 3%, 3.7%, and 3.9%
for mixes withAdveradosages of 0.25%,125%, and 0.1%f the total weight of the
mix, respectively. Thus, WMA mixes with1% dosage ohdverais adopted for the
remaining of the studyAlso, this mixwas checked for air voids atsNand Nnax
where it passed the required criteria by bedifgd%6 and 2.5%, respectively.

1 U25WMA -SasobitMix: Sasobitwvas added at a rate @%b and 1% by weight dhe

binderat the optimum %AC of 3.6%. These dosages yielded similar levels of %AV of

3.1% and 3.2%, respectiveli nce t he suppl i ededdraeisiboni mu m
the % ACwasreduced by 0.1% and 0.2% and samples at these two Vesrels
prepared and tested. This step indicated that WMA with Sasobit requires a decrease of
%AC by 0.1% to yield & AV level of 3.9%.This mix was checked for air voids a
Nini and NhaxWhere it passed the required criteria by being 13.4% and 3.2%,
respectively.

1 U25WMA -Rediset Mix: The same strategyas followed for WMA mixes with

Rediset whib yieldeda dosage rate of 0.5% keight of binder with an optimum
%AC of 3.5%for a target %AVof 4.0%.This mix was checked for air voids ahiN
and NnaxWhere it passed the required criteria by being 13.4% &84, 3espectively.

A summary of the mix design of all mixes with unmodified bindgresented ifable?.
These results show that the incorporation of the WMA additives for mixes with target of
4.0% air void does not imply a change of the volumetric properties of the mixes where still
theypassthe Superpaveriteria(VMA>12%, VFA in range of 65/5%,%AV at Nini>
11.0%,and %AV at Nhax> 2.0%).1t is noticedthat the %AV at N is almost higher by 0.5%

for all WMA mixes in comparign with that of the control HMA.
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Table 7. Summary of mix design resuls of mixes with unmodified binder and 25.0 mm

gradation.
u25 U25WMA - U25WMA - U25-WMA -
HMA Advera Rediset Sasobit
Binder Content, %
(by weight of mix) 3.6 3.6 3.5 3.5
Gmm 2.716 2.717 2.718 2.718
AV (%) 4.0 3.9 4.0 4.0
VMA (%) 12.4 12.4 12.4 12.3
VFA (%) 68.8 69.5 68.0 68.9
% AV at Nini 12.8 13.2 13.4 13.4
% AV at N max 2.7 2.5 3.0 3.2
. 0
WMA Additive 0.19% by weight of 0.5% by weight (1%
9 N/A mix of binder (0.175 . 9
(1 kgtonof mix) ~ kghonof mix) | inder (035
kg/ton of mix)
Mixing
Temperature (°C) . e
Compaction
Temperature (°C) 150 115

4.2.2 Mixes with Modified Binder and 19.0 mm Gradation

The mix desigaof mixes with modified binder ant9.0 mm gradation wer
conductedvith the same additives thatere usedin the case ofinmodfied binder.However,
differentdosags were requiredor each WMA additivedue to the difference of thei nder 0 s
stiffness ad viscosity For WMA, trial mixesweredone andadifficulty was presented when
trying to achieve a decrease in mixing and compademperature of 3& similar to the
case ounmodified binder. For a decrease o83%n the mixing temperature, the bindess
observed to be stiff enough so thaw#sdifficult to add the WMA additive and mix it. So,
the binder needs to be heated to a higher tempeiatarder to be able to mix it with the
WMA additives. Upon different trials, it was decided that for WMA mixes with modified
binder the mixing and compaction temperatures will be decreased®y.2A40LC and
130C, respectively. Thedemperaturesvere fixed for all the WMA mixes and the varialle
to achieve a 4.0%QV aretheadditive dosage and then the®6. The designs of the mixes
of this category are summarized as the following:

1 M19-HMA: The mix designwas conducted by preparingampeés at threalifferent
%AC of 3.5, 4, and 4.5%y total weight of the mix as presentedTiable 8. The
optimum%AC is 3.9% for a target air void of 4.0% yielding a VMA of 14.0%, a VFA
of 70.5%,dust proportion of 1.08nd %AV d Nini of 13.2% which are all withithe
Superpave volumetric migesign Requirements.
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Table 8. Mix design results of HMA with modified binder.

0,
%AC /OI\'IA\ el %VMA %VFA %AV atNini Gmb Gmm
comp
3.5 51 13.8 63.1 14.4 2575 2.713
4.0 3.8 14.0 72.8 12.9 2581 2.683
4.5 1.9 13.8 86.5 11.9 2.602 2.651

1 M19-WMA -Sasobit For 3.9% AC WMA with Sasobitwastestedwith a dosagef
2% by weight of bindewhich yielded an average % Adf 4.5%. Thus, a higher dosage
of 3% was considered #t yieldeda %AV of 4.0% at Nesand 3.3% at Nax.

1 M19-WMA -Rediset A dosage rate d.5% by weight of binder yielded %AV of
4.0% with a %ACof 3.9%.

1 M19-WMA -Advera: A dosage of Advera of 0.25%y weight of the mix yieldethe
design%AV of 4.0% withou any chang in the optimum %AC

The addition of WMA additive with modified binder requires a lower reduction in
production temperatures. It can be concluded that for WMA with Sasobit, Rediset, and
Advera the modified binder requires a higher additosagie with a lower reduction in the
mixing and compaction temperatures than that of HM# unmodified bindewithout the
need to reduce the asphalt content as it is the case of mixes with unmodifiedTdieder.
results showdthat the same volumetric erties were obtained for all WMA mixes with
modified binder and their corresponding control HMA mixsémmary of the mix design
results of HMA and WMA mixes with modified binder and 1&h6h aggregate gradation is
presented imable9.
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Table 9. Summary of mix design results for mixes with modified binder and 19.0 mm

gradation.
M19-
M19- WMA - M19-WMA - M19-WMA -
HMA Rediset Sasobit
Advera
Binder Content, %
(by weight of mix) 3.9 3.9 3.9 39
Gmm 2.689 2.687 2.669 2.688
AV (%) 4.0 4.0 4.0 4.0
VMA (%) 14.0 14.0 14.5 14.0
VFA (%) 70.1 71.2 72.8 71.2
% AV at Nini 13.2 13.3 13.2 13.4
% AV at Nmax 3.0 3.1 3.1 3.3
0.25% by 0.5% by 3% by
weight of weight of weight of
WMA Additive Dosage N/A mix (2.5 | binder 0.195 binder (.17
kg/ton of kg/ton of kg/ton of
mix) mix) mix)
Mixing Temperature (°C) ‘ 160 140
Compactlo(rlc':l')emperature 150 130

4.2.3 Mixes withUnmodified Binder and 19.0 mm Gradation

For mixes with unmodified binder and 19.0 mm gradgttbhe mix design results shed/
that HMA mixes requir@an optimum asphalt content of 3.7% to achieve 4.0% air voids. In
comparison with the HMA mix with same gradation but modified binder, a 0.2% reduction
by weigh of asphalt is needed due to use of unifreddbinder that is less stiff given that both
binders havéhe same mixing and compactitamperatures. The use of Sonnewarmix as a
WMA additive and the addition of fibers has no effect on the optimum asphalt content.
HMA, HMA with Fibers, WMA with Sonewarmix, and WMA with Sonnewarmix and
fiberswere designed witthe volumetric properties asimmarized il ablel0.
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Table 10. Summary of mix design results for mixes withunmodified binder and
19.0mm gradation

U19-HMA - U19WMA - U19-WMA -
UL9-HMA Fi SonneWarmix SonneWarmix-Fi
Binder Content, %
(by weight of mix) 3.7 3.7 3.7 3.7
Gmm 2.686 2.685 2.683 2.687
AV (%) 40 4.0 4.0 4.0
VMA (%) 13.8 13.7 13.9 13.8
VFA (%) 71 \ 70.8 71.2 70.5
% AV at Nini 13.0 13.1 12.9 13.2
% AV at Nmax 30 3.3 3.1 3.2
WMA Additive N/A N/A 0.185 kg per tor  0.185 kg per ton
Dosage
Mixing
Temperature (°C) 160 125
Compaction
Temperature (°C) 150 115

4.3 Testing Program

In this section, a brief summary of ttesting system, temperature control, and data
acquisition system utilized in this research will be providéoreover an overview of the

conducted test methods will be presented.

4.3.1 Testing System

4.3.1.1Testing Machine

A UTM-25 servehydraulic universal testingnachine is used. It has a 25 kN capacity and
is manufactured by Industrial Process Controls (IPC) from Austaalehown irFigure9. It
is based on a loading frame consisting of two vertical columns and two heavy duty
crossheadl It is robustly manufactured to limit the deflections and vibrations which might
affect the accuracy of measurement during dynamic load testing scenarios. This machine has
a Ram displacement of 50.0 mm span with a maximum speed of 1200 mm/min. This closed
loop machine allows conducting sophisticated material testing due to its ability to apply
precisely controlled rates of forces or deformation and its ability to accurately measure the
resulting responses through its various mounted transducers andglasitian system.lt is
capdle of applying static and dynaerloads at a wide range of temperatures and loading
rates/frequencies.

4.3.1.2Temperature Control

The UTM-25 is equipped with an environmental chamber for controllingettimperature

during testingThetemperature control system is refrigeration based with a heating element
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for achieving high temperatures. It has the capability of temperature control in the range of
15eC to 60eC which falls within the requiren
researchAn asphalt dummy specimen is prepared for each mix to acfamthe variability

in thermal properties induced by different types of binders, aggregates gradatiahg, and

effect of WMA additives if any. For each dummy specimen, tvigde thermocouples are

embedded at the center and mounted on the surface sgeben@. Thesecond

thermocouples added for all dummy specimeinsthis research to ensure that the
temperature i s homogeneous between the speci
accompanied by its corresponding dummy speciduimg the cung time of the epoxy glue

to mount the studs and then these specimensoaditioned at different testing temperatures

together. During testing, the sample is set for a peridunefto reach equilibrium after

reaching the required testing temperature.

Figure 9. Universal testing machine.

4.3.1.3Measurement System

The measurement system for UT28 is fully computer controlled and capable of the
acquistion of data througlkightchannelsimultaneouslyThese channels are assighed
various sensors. Two of these channels are d
LVDT (linear variable differential transformeilhe other six channels are connected to
various sensorsncluding three orspecimen vertical spring LVDTs andeanperature probe.
For data acquisition, a 2it Integrated MultiAxis Control SystenfIMACS)

manufactured by IP@ usedSeveraldata acquisition programs are provided by B®e
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usedfor test control and raw data collection. The rate of data atiquiss 50 data points per
cycle for sinusoidal/haversine loadingpowever, for constant rate tests theta acquisition
rate varies between 50 and 1000 data points per selepesding on the testing rate ranging
Three D6 B000A spring loaded LVDTs witend axial exit cableareused for measuring the
speci menbs vert i arajplaced atfl2apam aldng thencscumfefenoe gnd
at the middle twehird of the specimeéns  hwith gygade length of 100 mnthe LVDTs

are attached to theurface of the specimen using mountitigds. The mounting studse

glued to the surface usimevcon Plastic Steel Puttyl01&poxy by means of an-imouse
fabricated jig ensuring the alignment and the equal anguiarigtween thenas shown in
Figurel0.

Figure 10. Gluing jig for mounting studs on asphalt samples.

4.3.2 Testing Methods

4.3.2.1Complex Modulus Testing
The complex modulugE*) test isconducted in the stress control mode to determine the

linear viscotastic properties and the timtlemperature shift factors of all the mixaghe
study.It entailsthe application o uniaxial sinusoid&taversinestress to an unconfined
asphalt concreteample and determiniripe responsstrains in order to computbe
dynamic modulus (|E*]).

The test samples have a diameter of 100 mm and height of 15Gitia targeted %AV of
7.0+£0.75%and they are cored and cut from gyratory compacted samples of diameter and
height of 150 mm and 175 mm, respectivatyshown irFigure11. Typically, three
replicates were prepared and each tested for each mix at 24 commsiditiemperature and
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frequencyA fourth replicate is tested in cases of high variability in testing results especially

in the cas®f mixes with fibers.

Figure 11. Complex modulus testing setup.

A haversine loading in compression that is sufficient talpce a total strain amplitude in
the range o¥0-75 microstrains is applied at 24 combinations ofjfrency and temperature
as presented ihable11. Thelimit of 70-75 microstrains is set in order to ensure that the
material is in the linear viscoelastic rar(@hehab 2002King 2004 Underwood and Kim
2012. The load amplitude for each combination of testing frequency and temperature is
adjusted based on tdstmgcomitioasrsichthadtEdmgrostrdinisnes s a
limit is not exceded. For each temperature, preconditioning loading cycles are applied before
applying the testing frequencies to obtain better quality of loading and displacement data
during testingThe preconditioning cycles are applied at the highest frequency for each
temperature with loads that are 50% the normal load applied at that specific fregunéncy
temperatureThe loading frequencies are applied from the fastest to the slowest with a rest
period of five minutes between them. This rest period is appliedow #ille sample to
recovertransient strainbefore the application of the next loading frequency and thus to

minimize any possibleffect on the measured modulus val(iisn 2008).
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Table 11. Complex modulus testing information showing testing temperatures,
frequencies, and number of cycles at each combination

Temperature (°C)

Frequency (Hz)

-5 10 25 40
20-Preconditioning X X 100 100
20 X X 200 200
10- Preconditioning 100 100 100 100
10 100 100 100 100
5 100 100 100 100

1 20 20 20 20

0.5 15 15 15 15

0.1 15 15 15 15

0.01 10 10 X X

During the test, the raw data of the applied load and the measured axial deformation of each
of the 3 LVDTsis recorded through aiMACS at a rate of 50 points per cycle. This data
then analyzed by considering the last 5 cycles of each temperature frequency combination.
The stress and strain dagditted to cosne functions shown ikquation67 andEquation68
using the least square method. The dynamic modulus is defined as the average peak stress
divided by the average peatrain as shown iBquation69 while the phase angle is the

difference between the phase angle of the stress and the strain.

a aH 1z« a Equation 67
£ £ Hi Tz « P < & Equation 68
where
d: stress
U: strain
t: time in sec
f: frequency in Hz
G0, U0 =regrassion constants for stress equation
U0, U1t2=tkressian comstants for strain equation
SAs — Equation 69
non n Equation 70
where
|E*|: dynamic modulus
L: phase angl e

Considering the wide range of temperaturanges between different regions and

times of the yeaand the differenhvehicular speeds that candm@countered, the testing
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temperatues needghould represent this variation in climatic conditions. Thus, the testing is
carried out at low temperaturesrépresent cold climates aathigh temperaures to
represent hot climates. In addition, thading ratesre variedo represent fastnd slow
vehicular speeds. However, conducting the test for each temperature and for all loading rates
would be rigorous along with the fact that there is a machine limitation tortrexrefore, the
time-temperature superposition principle is used in ota@rovide the material response
under predetermined temperatures and frequencies that can then be shifted to construct the
dynamic modulus master curve at a reference temperatueaeference temperature of
25°C is selected in thigsearch This principle entails that a certain dynamic modulus value
at a reference temperature can be measured either at a higher temperatigiefeggliency,
or at a lower temperature aadowerfrequency. These maa®d values can be then shifted
by the shift factoaT that is multiplied by the testing frequency to obtain the reduced
frequerty at the reference temperatared thus construct tHe*| master curve of each
replicate.The shift factorsaT, areused to shift the dynamic modulwersus frequency
curves at5, 10, and 4€C along the frequency axis to form a continuous master curvesat 25
are defined as the following:
g 11Q 11d Equation 71

where:
"Q =reduced frequaay at the reference temperatured2p
(= frequency at a given temperature T before shifting, and
« = shift factor for temperature T

The shift factors are determined by first assigning trial initial values and then using the least
squares technigg to minimize the error between actual and predig¥dvaluesusing the
log-sigmoidal functioraspresented b¥quation72.

1 TOs @ Equation 72

where

a, b, c,d, e and f:regressiorcoefficients

Also, the shift factor as a function of temperature is fitegresented iBquation73.
1T Y dY & Equation 73

where

i o ¢ &: regressiorcoefficients

4.3.2.2Constant Crosshead Rate Compression Test
The constant crossheasdte test, which is also known as monotonic test, is conducted in

compression mode at different crosshead rates tsenigdiTM-25 machine In this testthe
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specimens araded in compressiaat different temperatures and rates and are extensively

used fo the development and calibration of thecoelastic and viscoplastisodels.The

tests are conducted unt.

I f ai

|l ur e

or

unt il

cases of low temperatures and fast loading rakbss test can be considereslasimple test

that can be used for VEPCD based on the findings by previous researches that the behavior of

asphalt concrete is independent of the loading mode and thus the monotonic test was selected

for this purpos€Daniel and Kim 200

Figurel2 shows a tyal onspecimen and actuator LVDT strain measurements as well

as the stress response in a crosshead compressiohiseshsierved that the on specimen

LVDT measurements follow a nonlinear curve whereas the actuator strain rate is constant.

Also, the orspecimen LVDT strain is less than the actuator strain during the test where this

along with the nonlinearity behavior are due to the machine compliance where different parts
of the machine deforms under stresgzaniel et al. 2009 Thus, the analysis of strains in

this entire study will be based on data collected byotlspecimen mounted LVDTS.
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Based on previous studi@Shehab et al. 200&ibson 2006Underwood 2011Zhao
2002, samples tested at 5°C are used for VE modeling. For VP modeling, a high temperature

of 35°C is selectednd it refers to the mean annual average temperature (MAAT) plus one

standard deviation of the mean monthly air temperature as calculated based on the historic

climatic data for the State of Qataalculated for weather data collected between 2000 and

2012as presented ihablel12.

57

t

n ¢



Table 12. Calculation of testing temperature for State of Qatar

Average
Average High Average Low Monthly
Temperature (°C) Temperature (°C) Temperature
(°C)
January 22 14 18
February 23 15 19
March 27 17 22
April 33 22 27.5
May 39 27 33
June 42 29 355
July 42 31 36.5
August 41 31 36
September 39 29 34
October 35 25 30
November 30 21 25.5
December 25 16 20.5
Mean Average Annual Temperature (°C) 28
Standard deviation of the mean monthly air temperature (° 7
Proposed Testing temperature (°C) 35

The constant crosshead testing conditions are summariZedbliel 3.

TablXHestciomgdi ti ons f VE anandPvanloideat

Linear Viscoelastich (855 . oo ctic Model
Characterization

Complex Modulus in
Compression mode

-5, 10, 25, and 40°C

or id@ v e

Viscoplastic Model

Test Constant Crosshead Rate Compression Tes|

Temperature 5°C 35°C

0.0001 strain/sec, 0.00025 strain/sec,

20,10,5,1,05,0.1f  0.00005strain/sec, _
and 0.01 Hz 0.000025 strain/sec, [ O-000% smin/sec,
and

Testing Rate 0.00005 strain/sec.

0.00001 strain/sec.
(3 replicates for each

: (1 replicate at each ratg
mix)

(1 replicate at each ratg for each of the mixes)

for each of the mixes)

Specimens used for the constant crosshead test are different from those used for the
E* testing. The fingerprint of each spe@mis determined by conducting t& at 5°C and
25°C for samples used for VE and VP modeling, respectiVély.E* test is done only at 1
temperature and at a limited numberreiguency sweeps. The |E*| étds determined for
these sweeps and tematrres and it can be usednormalize the entire |E%p, E(t) and

D(t) mastercurves. This accounts for the specimens specific LVE properties without
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assuming the average mastercurve to be its propergerfnnting based on |E*| add
could bedone but both give the same normalizing factors based on data of this reBeerch.
test precedes every constardashead test with at least twmurswhere the sample can rest
for enough timeo ensure the recovery of any possibeumulated strain. Thfingerprint
will be usedio account for specimei® specimen variability.
For VECDmodeling, it should be assured that stifness vs. damagaurves of the
three replicates collapse on top of each other for each mix. Then, the data of the fastest two
rate tests are used to develop the model while the third is used to validate the developed

model.

4.4 Sample Preparation
4.4.1 Mixing and Compaction

Specimens of the different mixes of this research are prepared based on the standard
procedures and protocols. Té&me mixing and compaction procedures are followed for
WMA and HMA mixes taking into account the mixing and compaction temperature of each
single mix in light with the recommendations of the Draft Appendix to AASHTO R35
(Bonaquist 20111 All the aggregates are totatlyied, sievedand storedn closed barrels
before being used for the preparation of the required batches

WMA binders are prepared by pbéending te required dosages ®/MA additives
with thevirgin asphalt binderat the mixing temperature prior taxing it with aggregates.

The WMA additives are mixed with the binder using a laboratory mechanic stioktdin a
homogeneoudistribution ofthe additive with the binder. Aeating plate is used under the

asphalt can in order toaintain the tempenate ofthe sampleluringmixing. All the used WMA
additives are added to the binder except for Advera. According to PQ Corporation, Advera can be
added in both ways either by goending it with the binder or by adding it to the mix in the pool

of binderafter adding this latter to the aggregates. During thélereding of Advera with

modified binder, the additive could not be blended homemesty with the binder. Thug the
researclonly Advera is added to the mikrectly and notby pre-blendingit with the asphalt

binder.

For the mixes with fibers, same procedures are followed as the control mixes with the
pre-prepared fibers spread as widely as possible over the aggregates argtnelhen
aggregates are stirred along with fibersdqreriod o seconds to prlendhomogeneously
distribute the f i ber . sAftevthathcaterisfoimed irathegniddleg at e 6 s
of the aggregates for the asphalt binmelbe addedAfter mixing, all the mixing equipment

are scrapped well to make sufenot losing thdibers.
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For the mixes incorporating RAP, virgin aggregates and RAP are batched separately.
The batch of RAP is placed at the mixing temperature fonlg hours beforenixing to
avoidanyfur her aging of t he &/AfRadedtbthataf thevirginAf t er t
aggregatewhich are typically placed in the oven at the mixing temperature for an overnight.

In this research, all the specimens are compacted using a Superpave Gyratory
Compactor which is a byproduct of SHRP projeatadepedfor thepurpose of mimicking
field compaction of asphalt mixtures in the laboratory where it tends to orient the aggregates
similar to that observed in the figBrown et & 2009. The used compactor is a Rainhart
Cat. No. 144 Gyratory Compactor which is in conformity with the requirements of the
Superpave Mix Desig(Superpave 199@nd the AASHTO T 312 and ASTM DB
standards which describe the preparation and determination of the relative density of HMA
specimens by the Superpave Gyratory Compattos. compactor is seovcontrolled where
it appliesa static compressive vertical force, while simultaneously apglg gyratory
motion to the cylindrical mold.

All the specimens are compacted in a mold of 150.0 mm diameter with a height of
110.0120.0 mm and 175.0 mm for mix design and mechanical testing specimens,
respectively. The weights of these specimeasedetemined by trial and error which was
selected to be 4700 grams for mix design compacted specimensydr@sing, the weight
of the specimen for all mixesasselected to be 2500 grams in accordance with ASTM
D2041 for mixes with NMAS of 19.0 to 25.0 mm.

4.4.2 Conditioning and Curing

Typically, the standard practice requires sherttermaging of the loose asphalt
mixtures before compactido simulatethe absorption and short term aging of the binder
during construction up to the point of compaction. Smoedesign processes of WMA are
still under development, different conditioning protocols are recommended by different
researcher@Bonaquist 201,1Estakhri et al. 201,MHarrigan 2012Yin and Cucalon 201
These protocols include:

1) Two hours at compactidemperature

2) Fourhours at 275°F (135°C)

3) Comprehensive conditioning protocol: 2 hours at compaction temperature followed

by 16 hours at 140°F (60°C) and twouns at compaction temperature

4) Four hourst compaction temperature

5) Four hous at 275°F (135°C)
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Thus, based on the finding by Yin and Cucg@dl1l)and the recommendations of
NCHRP Report 691, all mixes will be conditioned for two hours at the compaction
temperature for both volumetraad performance testing samples

Another mapr concern with WMA is its early age performanites expected that
WMA might require a longer curing period thaonventional HMA mixes so that the asphalt
binder regains its apparent viscosity and any entrapped moisture will be evaphlafedli
et al. 2012 This post construction tirrgependent hardening constitutes strength gaining and
oxidative hardeningrhese processes are a function of many fathatsincludethe type of
additive used, the type of binder, and aggregdtes study conducted by Aadi et al.
(2012)has shown that the variation in mixture properties attributed to the curing time is
similar for the cases of HMA and WMA mixasthere is not enough evidence that the
curing time has to be prolonged for ttese of WMA especiallthose havingsasobit and
Evotherm. In light of these findings and to avoid any effect of curing especially for case of
WMA with Advera, all mechanical tests are conducted on the samples after 5 days of mixing

and compaction.

4.4.3 Volumetrics

The calculation of %AV of the AC specimens is calculated based on ASTM D3203 as:
PoOw pmp O—
@]

where: G = the bulk specific gravity of the compacted specimens, and
and  Gm= the theoretical maximum specific gravity of the loose specimens.

For the mix design purposes, the«3s measured using the flask metrasiper
ASTM D2041 and @b is measured using the commonly used saturated stadfg¢&SD)
technique as per ASTM D2726 which is valid for specimens that do not absorb more than
2.0% of water by volumes.

For the mechanical testing specimens, the coregandd gyratory plugs are
required to have a target %AV of 7.0£0.75%. The tolerance of air voids in these samples is
selected to be 0.75% instead of 0.5% to avoid the potential for specimen rejection. This is in
light of the recommendatiorts NCHRP repor702 that accept a tolerance of 1%. This study
showedhat there is not a systematic air void effect over 1.0% tolerance rangemg be G
these specimens is measured using the Parafilm Method as per ASTM D1188. This
technique is selected rather than ti&S3nethod due to the high leveltafgetedoAV
which makes t he specexeeed®.0%anfahbsdSTM p2041lasmotof wa't

applicable These specimens are dried using g80air pressure gun prior to the
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measurement of &». After ensuringthea. t he sampl eds %AV i s withi

specimens are stored in 4grked bags inside a closed cabinet at room temperature to
minimize the potential of aging.
For the sake of achieving the targeted level of %AV in the cored and sawed

specimas, the required weighf the gyratory plugs adetermined by trial and error:

1 Mixes with 19 mm gradations: 7500 grams

1 Mixes with 25 mm gradationg550 grams

1 Mix with 25 mm gradation and 15% RAP replacements: 7300 grams

The weight of the specimen isducedn the case of havinBAP because the used RAP

is made up of limestone which is lighter thanvirgin Gabbro aggregates. Thilke 15%
replacement by weight will provide aggregates with higher volume occupying more space
and leading to a decrease%AYV if consideringhe same weight and heidiort the

specimes.
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CHAPTER 5

RESULTSON ASPHALT MATERIALS
CHARACTERIZATION

5.1 Linear VisccElastic Functions

For each replicate of the mixes, the |E*| data is shifted based on thHetperature
suyperposition to formthe mastercurve at a reference temperature 8€2%he dataf |E*|
and the shift factors aféted using thgolynomial equationEquation73) andsigmoidal
function (Equation72), respectivelyFor each mix, the data of tileree replicateare
averaged and thepefficients defining the mastercurve ahd timetemperature shift factors

are determined as showmTable14.

Table 14. Coefficientsof sigmoidal function and timetemperature shift factorsfor a
reference temperature of 28C to predict |E*| of the HMA and WMA mixes at any

combination of temperature and loading frequency
Shift Function

Sigmoidal Coefficients

Mixture Coefficients
av a as a b c d e F
U25-HMA 0.0009| -0.179 | 3.9079| 1.0287 | 3.3197| 0.9125| 1.3075| 0.4313| 1.4435
U25WMA -Ad 0.0011| -0.1773 | 3.7362| 0.9257 | 3.4864| 0.9548 | 1.2225| 0.4954| 1.4719
U25-WMA -Re 0.0017| -0.187 | 3.6255| 1.2940 | 0.4268| 0.1290 | 2.5264| 0.4846| 0.8898
U25WMA -Sa 0.0019| -0.1895 | 3.6484| 0.7336 | 2.6753| 0.7052 | 1.5382| 0.4854| 1.2361
giﬁWMA'S& 0.0019| -0.2212 | 4.2313| -0.2485 | 3.1345| 0.6529 | 1.1216| 0.3820| 0.5305
M19-HMA 0.0013| -0.1969 | 3.9768| 0.7546 | 4.3507 | 1.1268| 1.2961 | 0.3740| 1.5274

M19-WMA -Ad 0.0012| -0.1897 | 3.9135| 1.7700 | 0.2265| 0.0787 | 2.8686| 0.4094| 0.8493

M19-WMA -Re 0.0011| -0.1827 | 3.8794| 1.0355 | 3.7608 | 1.0663 | 1.1529| 0.4166| 1.5381

M19-WMA -Sa 0.0012| -0.1904 | 3.9155| 1.5545 | 2.8555| 0.9396| 1.1162| 0.3895| 1.3990

U19-HMA 0.0013| -0.188 | 3.7545| 1.6583 | 0.9605| 0.3349| 1.2871| 0.5727| 0.7723

U19-HMA -Fi 0.0014| -0.1884 | 3.8127| 1.0564 | 0.9979| 0.2845| 1.7016| 0.4554| 0.7364

U19-WMA -Sonne | 0.0015| -0.1934 | 3.8879| 2.0372 | 0.8332| 0.3367 | 0.6184| 0.6274| 0.5878

U19-WMA -Sonne

Ei 0.0009| -0.162 | 3.5755| 2.0654 | 0.8903| 0.3686 | 0.6507| 0.6108| 0.6141
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5.1.1 Effect of WMA Additives on Mixesvith Unmodified Binder

|E*| mastercurves and shift tacs ofall the mixes with unmodified binder are presented in
Figurel3 andFigurel4, respectivelyln general, lhe results show that for mixes with
unmodified binder, |E*| is reduced for all WMA mixes as compared with the control HMA
mix at both ligh and low reduced frequencidis implied that the use of the WMA
additives Sasobit, Rediset, and Advera might affect the performance of asphalt concrete
where it might improve its resistance to cracking but not rutting.

The mix with Sasobit has a reduced stiffnesgh@atrange of reduced frequencies between
0.01 and @0 Hzcompared to the control HMA but this reduction is less than the other two
WMA mixes with Advera and Redisd¢dowever, at high reduced frequencies the mix with
Sasobit shows more reduction in |E*| than the other two additives when compared to the
control HMA mix. This could show that Sasobit might have a better resistance to both rutting
and cracking that the other two WMA mixes with Advera and Rediset. The mix with Rediset
has & |E*| lower than that of the control mix in the entire reduced frequearuye except at
the very low reduced frequency where it can be observeddppyeaching and slightly
exceeding that of the control URBMA mix as shown irFigure13-b. This implies that U25
WMA with Rediset will affect the ruithg resistance of asphalt concrete expect in cases where
the effective frequency for rutting happens to be very low.

As shown inFigurel14, the timetemperature shift factors are almost the same for WMA
and HMA mixes for low teperatures up to the reference temperature & .25or higher
temperatures, the use of Sasobit and Rediset cause an increase in the shift factors as
compared to the control HMA. In this caseg tWMA mix with Advera still hashe same
shift factor as theontrol HMA mix. These results show that WMA mixes with unmodified
binder might have a better resistance to fatigue crachimgeverthey might be more prone
to rutting as compared to the control HMA mix.
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Figure 13. |E*| mastercurvescurvesfor HMA and WMA mixes having an unmodified
binder and a 25.0 mm aggregategradation constructedat a reference temperature of
25¢e C: -bgscaeamdibjog-log scale
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5.1.2 Effect of WMA Additives on Mixes ith Modified Binder

t o

canstruct

For mixes with modified binder, the |E*| mastercuves and shift factors are presented

in Figurel5andFigurel6, respectively. The results show that the stiffness of WMA

compared to the control HMA mixith a modified binder (PG*#82) is dependent on the

WMA additive usedunlike the case when having an unmodified P@B4sphalt binderAt

the time Advera stiffens the mix at high reduced fregueWMA with Rediset has a lowest

stiffnessas compared to the control MEEBMA mix. However, Sasobitasa minimaleffect

in deaeasingn |E*| as compared to the corresponding HMA mabhigh reduced

frequenciesThese rests show that WMA mixewith either Sasobit or Redisetight havea

better resistance to fatigue crackinbgen used with modified asphalt binders

Howeve, the plots inFigure15-b show thatat low reduced frequenc$asobit and

Adveraused with modified bindancreaethe stiffness of thasphalt concretaixesunlike

the case oRediset which results in a mix with lowstiffness compared to the control HMA.
Thus,the usage of Rediset as a WMA additive for mixes with modified bimiggnt lead to

the production of asphalt concrete mixes withvaer resistance to rutting as compared to the

control HMA mix but the case ispposite when usin§asobit and Adveras WMA additives

for this category of mixedn addition, WMA additives seemo have no effect on the time

temperature shift factors as showrFigure16 for the case of mixes with modifidznder.

Therefore, the effect of the different types of WMA additives is dependent on the type

of additive, the type of base binder used, and the region of temperature/loading rate. In

general, the effect of WMA additives would be reduction in |E*| wienng an unmodified

base binder, but it might have positive and negative effects in terms of |E*| when used with
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modified binder. It is worth noting that the use of Sasobit with modified binder increases |E*|
at low reduced temperatures and decreasé$igh reduced frequencies implying a better
performance in resistance to both cracking and rutting when compared to performance of its

control mix.
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Figure 15. |E*| mastercurvesfor HMA and WMA mixes with modified binder anda
19.0 mm aggregategradation at a reference temperature o 5 e @) semtlog scale
and b) log-log scale
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Figure 16. Time-Temperature shift factors for HMA and WMA mixes with modified
binder and a 19.0mmaggregategradation as used to constructhe mastercurves of
different LVE functio ns.

5.1.3 Statistical Analysis to Test Effect of WMA Additive on |E¥|

The plots of different replicates of each mix show a scatter around the average whose
magnitude differs from one mix to another. This might be an indicator that different WMA
additives mighthave different effects on thepatial distributiorof the additivesvithin the
binder and thus the asphalt matrikimplies different inherent uncertainties in material
properties from one mix to anothélowever, such an observatineeds more investigion
as three replicates of each mix is not enough to conduct a probabilistic quantification of
inherent variability. Using the available data, a statistical analysis was conducted ttstudy t
effect of the WMA additives on tr&iffness of the asphaltires. Thiswill show whether
there is any significant difference between |E*| of HMA and that of different WMA mixes for
thetwo types of binderéunmodified and modifiedMMoreover this will be studied to check
whether there is an interaction betwees bimder types and WMA technology used on the
E* results.

Two-way analysis of variance (ANOVAs the process of studying more than one
factor & atime. ANOVA was conducted for each group of the mixes to indicate whether for a
given asphalt binder typedte is a difference in the dynamic modulus of HMA and the
different WMA mixes. In this case, the two independent variables are the reduced frequency
and the type of the mix. For the first predictor, the figggnoidalfunction was used to
calculate the yhamic modulus for each mix at 23} 1022, 1021, 1, 10, 1072, 1073, 10™4,

1075, and 1076 Hz which present a wide rangeezfuenciesisedthefor prediction of
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rutting and fatigue cracking (i.e. most frequent distresses in asphalt pavement). Thus, the
reduced frequency is tested for téifferent levels andhetype of mix forfour
levels/treatments (i.e. HMA, WMA_Rediset, WMA_Sasobit, and WMA_Advera). In this
casethe twoway ANOVA has to be used as it is suspected that there might be some kind of
interaction between thdifferentlevels of reduced frequency and the type of WMA additive
used. It was initially expected that certain additives have an effect at high temperature only
(i.e. very low reduced frequencie$he twoway ANOVA will be conductedn order to test
the following null hypothesis:

1-Ho: Dynamic modulus means for the type of WMA additive are equal.

2-Ho: Dynamic modulus means for reduced frequency are equal.

3- Ho: There is no interaction between reduced frequency and the type of WMA

additive.

So, the reduced frequency ahetype of WMA additive are considered as factors in
the conducted ANOVA. In fact, the interest is studying both null hypothesis 1 and 3 because
for the second one it is already known that as reduced frequenegsesrthe dynamic
modulus becomes higher regardless of the type of the asphalt concrete mix. It is noted here
that thelE*| valuesare calculated at each reduced frequency using the fitted model rather than
taking the measured values for testing becausendasured values for all mixes and even
replicates are not at same reduced frequency due to difference of few degrees in testing
temperatures.

Thetestedsamples are independent and the groups have the same sample size where
each combination of frequenayd mix type hathreemeasurements representing the
different tested replicates. Basedtbefindings by Kahil et al, |E*| at each reduced
frequerty is loghormally distributedKahil et al. 201% Thus, the log of thiE*|is used as
the response rath#ran|E*|. Due to the low number of samples (three for each combination),
the test for equality of variances will lack a high degree of statistical pavetead, a linear
regression model is fitted for Idg&|) vs. type and reduced frequency and tlsedueals are
checked. The results of the residual analfesspresented iRigure17) showthat there is no
problem with the assumptions of lognormality6f| and equal variances. Thus, ANOVA

can be conducted witthe satisfaction of these assumptions.

69



Residuals vs Fitted
Of
a4 0
0 o o
o
2ol % 8 g8y o2 06 g# of g5
g a o s ¢ o o 8 o§ 0T ¥ SIS
<
14 [
0 o
S 1%
O
T T T T T
6 7 8 9 10
Fitted values
Scale-Location
8
o |
o 78
o | @
- [ [
o o

+fIstandardized residualsl
1.0
1
=
=
oo

00 05
o
o
<
o
<o

Standardized residuals

Standardized residuals

Normal Q-Q

Theoretical Quantiles

Constant Leverage:
Residuals vs Factor Levels

o

%

o
[ o
o o
o 0000 [T o @00 09000 800000000

i

Ll
208 00000000 40 308
¢ o

o

Fitted values

(jlj_
Type:

T
W19-HWA

T
M19-WMA-Ad

T
W19-WMA-Re

T
M19-WMA-Sa

Factor Level Combinations

Figure 17. Residual analysis of linear modetepresenting ANOVA analysisof log(|E*|)
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It is shown that for both cases of unmodified and modified b&dbere is not a

significant interaction between the reduced frequency and the type of WMA additive used

where a pvalue of 0.6s much higher thalpha value of 0.05hus it can beconcluded that

WMA addtives donot have an effect in further modifyinige binder at only high

temperature and this conclusion is valid at least for the materials usedrestaschThus,

the WMA additives havean effect of shifting the entire |E*| master curve and not only

shifting a partof it.

Theinteraction term waremoved and twavay ANOVA was run as an additive

model to study the main effect of each factor separately. In both case, and for both factors a

p-value<<0.05s obtained indicating that the ridiypothesis should be rejectechig is

expected for the caf reduced frequency atitereforedoes not requirany further

analysis. ANOVA indicatethat the mixtype has an effecn |E*|butwithouttelling how

theeffect of WMA additive varies between one additive and the offars, the Tukey

Honest Signiftant Differencg TukeyHSD)test was conducted to determine how the mixes

differ in comparison with each other. The results of the TukeyHSD test, anfaeeTable

15, show that for the mixes with modified binder there is ngigaificant difference between
the|E*| of HMA and WMA with Sasobit and that with Advera libere isa significant
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difference between HMA and WMA with Rediset. The test shows that WMA with Rediset
has a lowetE*| than that of the control HMA mix usedolever, another trend was obtained

from the results of TukeyHSD test for mixes with unmodified binder where it was found that

there is not a significant difference between|t¢ of the WMA mixes regardless of the

additive usedThe |E*| of all theVMA mixesis significantly different from the HMA mix
where thdE*| of WMA in always lower than that ?iMA. These results can lberther

visualized in the boplots of Figure18 andFigure19. Theseplots showvariability in

observations between one sample and the other and thus the effect of the WMA additive has

to bevery high to showa significance due to the inherent uncertainty processed between one

replicate and anothef the same mix

Table 15. TukeyHSD test resultsfor multiple comparisons of means of |E*|
mastercurvesof HMA and WMA mixes at a 95% family-wise confidence level.

Compared Pairs of Mixes ||3|ff_e rence Adjusted p- value
ndicator

A MEWMA-Ad 0 v-BiMAO A 0.004875 0.99

A MXWMA-Re Ov s . -H MiAMD1 9 -0.22225 0.00005

A MLWMA-S a 0 HMAO 0.045389 0.78

A MEXWMA-Re ovs. -WMWNAQY O -0.22713 0.00004

AMEIWMA-Saovs. -WMWNAY O 0.040514 0.83

AMEIEWMA-Sadvs. -WMNR® O 0.267639 0.000001

AU2WMA-Adovs. -HMWBD5 -0.31071 0.0000009

A U2MMA-Re Ov s . -H MFAW2 5 -0.27121 0.00002

A U2WMA-S a o -HWEA. 0 -0.30084 0.000002

A U2BMA-Re 0 -WMaA-Ad 0 0.039501 0.89

A U2BMA-S a ovs. i U2BMA-Ad 0 0.009865 0.99

A U2WMA-S a ovs. i U2VWMMA-Re 0 -0.02964 0.95

The resuks of the statistical test shawatfor mixes withmodified bindey Sasobit or

Advera will not affect the stiffness of the mix butstoweredwhen Rediseis used. This can

be explained by the fact that Rediset is added in the form of oil and thus as any other oil it

mightplay a roleof softeningthe binder and thus redudé&s|. However, it is not the case of

Sasobit and Advera which are added in thenfof pills and powder which might act as a

filler in the mix which typically stiffness the asphalt binteisticandthus increasefe*|.

In addition, the conducted twway ANOVA was expanded to a threeay ANOVA

where the binder typ@asadded as a faatoSince there is no interaction between the

reduced frequency and the WMA additive, then the only interaction tested in this model is

that between the type of binder and the type of WMA additive. The results gavedwsepf
0.000103 for the interactidmetween the type of binder and the type of WMA additive used

This indicaesthat there a strong evidence of interaction between these two factors which



explains the two different tres@xplained earlier based on the results of the couple of two

way ANOVA conducted above.
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Figure 19. Boxplot showing variation of E* baween HMA and WMA mixes at different
selected frequencies for the group of unmodified binder

Therefore, it has been shown that the effect of WMA additive depends on the additive
itself and the type of binder used. For modified binder, the stiffnessxesmiith Sasobit and
Advera are the same as that of the control HMA mix; however, Reslegate to séten the
binder and thus redudtke stiffness of the mix. However, for the case of unmodifiadéyi
the three WMA additives havwbe same effect in reding the |E*| of WMA.

On the other hand, these resyltevidean evidence that WMA mescan have the
same stiffness as that of HMA. However, thesedgo befurther investigated and thus the
mixesareassessed based on mechanistic modeling of the ¥&Rrbehavior rather than on

a single material property such as |E*|.

5.1.4 E(t) and D(t) of HMA and WMA mixes

The |E*| is used along with phasggée in order to determine tlstorage and loss modlul
whichin roleare usedn orderto determine E(t) and D(tlzor each tested E* replicate, E(t)
and D(t) are determined using the different interconversion methatlare presented
earlier These response functions are deterohatea referenceemperature of 2C where

theycan beshiftedusing thetime-temperatve shift factordor any needetemperature
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(example: at & for modelling of theviscoelastidoehaviour). The data is fitted for each

replicate and presented by Prony series havi

and Einf) which presents tii&t) and D(t) over a reduced time range of 10 108 second

TheaverageE(t) and D(t)mastercurves is presented for each ofntinees understudgirein

Figure20to Figure 23. The mastercurves are presented at a reference temperaté@e of 5

which is the temperature of the development of the viscoeastoplastic models as stated earlier.
The results show that for every replicate the same E(bt&red whether it is calculated

using the Exact or the Approximate method. However, variabilities are obtained for some

replicates in the case of D(t) calculated using the Direct method or through the

interconversion from E(t). For all purposes, D(t) aied by the Approximate method

through the conversion from E(t) is used as it satisfies the constitutive equation relating E(t)

to D(t) as shown ifEquation74.

P 06 t Qt Equation 74
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— — = U25-WMA-Sasobit /::;‘ =
2 &°

_LEO02F oo U25-WMA-Advera A~
(U r /f’
0 U25-WMA-Rediset /.r"/
S ‘
=
= 1.E-03
D E

1.E-04 |

1.E-05 : : : : : : :

1.E-08 1.E-06 1.E-04 1.E-02 1.E+00 1.E+02 1.E+04 1.E+06 1.E+08
Reduced Time (second)

Figure 20. D(t) calculated by the Approximate method for HMA and WMA U25 mixes
at a reference temperature of 3C.

74



1,000

E(t) (MPa)

—t— J25-HMA-Exact Method
100 =« U25-HMA-Approx. method
—=— U25-WMA-Advera-Exact Method
= = = U25-WMA-Advera-Approx. Method
—— U25-WMA-Rediset-Exact Method
————— U25-WMA-Rediset-Approx. Method
—— U25-WMA-Sasobit-Exact Method
---------- U25-WMA-Sasobit-Approx. Method
1 1 1

10
1.E-08 1.E-06 1.E-04 1.E-02 1.E+00 1.E+02 1.E+04 1.E+06 1.E+08

Reduced Time (seconds)

Figure 21. E(t) calculated by the Approximate and Exact methods forHMA and WMA
U25 mixes ata reference temperature of 8C.
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Figure 22. D(t) calculated by the Aoproximate method for HMA and WMA M19 mixes
at a reference temperature of 8C.
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Figure 23. E(t) calculated by the Approximate and Eact methods forHMA and WMA
M19 mixes ata reference temperature of 5C.

5.2 ViscoelasticM odeling

For each of the mixasnder studythe constant crosshead test&°C yield
normalizedposeudostiffness vs damade {sS) curves that collapse perfectly on top of each
otherindicating the absence of viscoplasticity for the investigated testing conditions. Thus,
theviscoelastianodel for all mixes is developed based on the outputs sftestiucted at
5°C and rates of 0.0001 strairdsand 0.0008 strain/sec. For each mix, therd replicate
tested at 0.00@b strain/sec is used to validate the developscbelastianodel. The results
show that for the developed models are accurateentherpredictegliscoelasticstrains fit
perfectly with the measured @pecimen LVDT strains. The plots kigure24 show the VE
predictions for which VE strains are predicted for different crosshead rates for wvkA
PG6422 binder and Sasobit as an additive. The VE model is developed for the 12 different
mixes under study which shows that the proposed VE modeling is valid for WMA as HMA
and for both PG642 and PG7&2 binders. However, the fitting parametershef C vsS
curves and& vs. Lebesgue norm of stressry from one mix to another, as presented atle

16, showi ng the model 6s sensitivity to WMA as

76



Table 16. Fitting Parameters of damage characteristic curvefor all the mixes in the study.

. S(LS) Model C(S) Model
Mix al bl a2 b2 a3 b3 a4 b4 a5 b5 a b c Alpha
U25-HMA 5.26E-01] 1.61E-04 | -6.67E+03 -4.17E-05 | -1.02E+02 3.95E-04 | 5.54E+02 | -2.64E-02 | 6.61E+03 1.68E-04 | 1.34 | -0.03 | 0.37 2.37
U25-WMA-Ad 5.26E-01] 1.61E-04 | -6.67E+03 -1.47E-04 |-1.02E+02 1.74E-04 | 5.54E+02 | -2.64E-02 | 6.61E+03 1.25E-04 | 1.24 | -0.03 | 034 | 2.03
U25-WMA-Re 5.26E-01] 1.52E-04 | -1.96E+04 -7.67E-05 | 1.24E+00] 4.90E-04 | 5.41E+03 | -2.91E-04 |1.42E+04 7.53E-05 | 1.41 | -0.06 | 0.29 2.22
U25-WMA-Sa 5.25E-01] 1.51E-04 [ -1.90E+04 -7.86E-05 | 1.17E+00] 1.66E-04 | 6.70E+03 | -2.31E-04 | 1.24E+04 7.96E-05 | 1.18 | -0.01 | 044 | 213
M19-HMA 7.99E+07 -5.11E+00| 1.17E+03| 1.43E-04 |-2.01E+03 4.46E-04 | -5.52E+03 | -6.41E-06 | 4.54E+03 2.16E-04 | 1.13 | -0.01 | 0.49 2.85
M19-WMA-Ad 1.53E+01 -2.72E-02| -4.36E+03 -7.96E-06 | 8.91E+04] -5.79E-05 | -3.50E+04 | -1.00E+04 | 3.47E+0§ 8.09E-06 | 1.25 | -0.02 | 0.42 2.56
M19-WMA-Re 1.53E+01 -2.72E-02| -4.36E+03 -1.27E-05 | 8.91E+04] -5.79E-05 | -3.50E+04 | -1.00E+04 | 3.47E+0§ 1.58E-06 | 1.16 | -0.01 | 041 2.42
M19-WMA-Sa -8.57E+00 -1.00E+01| -4.36E+03 -5.52E-05 | -3.83E+07 3.61E-04 | -7.44E-02 | 8.21E-06 |4.69E+03 2.04E-04 | 1.04 | 0.00 | 0.68 2.40
U19-HMA 1.00E+0Q 1.04E-05 | -9.98E+01 -3.35E-02 |-1.93E+04 -8.78E-05 | 8.35E+03 | -2.06E-04 |1.09E+04 8.39E-05 | 1.24 | -0.02 | 041 2.19
U19-HMA-Fi 1.53E+01 -2.73E-02| -3.80E+0§ -1.55E-05 | 1.66E+05] -4.40E-05 | -3.50E+04 | -1.00E+04 | 2.14E+0§ 1.06E-05 | 1.22 | -001 | 044 | 2.35
U19-WMA-Sonne | 1.52E+01 -2.73E-02| -3.03E+053 4.03E-05 | 2.63E+05] 4.28E-05 | -3.50E+04 | -1.00E+04 | 4.10E+04 5.90E-05 | 1.22 | -0.01 | 0.42 2.17
U19-WMA-Sonne-Hil.00E+02 -2.90E+01| -2.23E+05 -5.01E-05 | 1.50E+05] -7.55E-05 | -8.67E+08 | -1.55E+00 | 7.31E+04 1.53E-05 | 1.23 | -0.02 | 0.38 2.28
3.E-03 - : 4.E-03 5.E-03 - -
5/C@0.0001 strain/sec 5AC@0.00005 strain/s 5AC@0.000025 strain/sec
4.E-03 |
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u W ooEo03f
1.E-03 eeeses Measured LVDT
1.E-03 Axial Strain
1.E-03 | _ _
Predicted VE strain
0.E+00 : : : 0.E+00 ' ) 0.E+00 - -
0 20 40 60 0 50 _ 100 150 200 0 100 200 300 400
Time (sec) Time (sec) Time (sec)
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Sasobit and ummodi fied binde
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In order to compare thascoelastiadlamage behavior of HMA and WMA mixes, the C vs
Sare investigated as plottedkiigure25 andFigure26 for the U25 and M19 mixes,
respectively Considering a dropf C from 1 to 0.5 as a failure criteria, then the following
conclusions can be made:

1 Forthe U25 mixes witiPG6422 binder and 25m gradationwhile U25HMA
requires an S value of 17,100 corresponding for a drop in C to 0.5, the S value is
18,500, 19,80, and 22,500 for the U28/MA -Advera, U25WMA -Rediset, and
U25-Sasobit, respectively. This indicates ttred three WMA mixes shows more
favorable damage characteristics than HMA

1 Forthe M19 mixes wittPG7622 binder and 18nm gradationFor M19HMA, the S
value is15,555 which is almost similar to that of the MMMA -Advera and M19
WMA -Sasobit being 15,450 and 16,050, respectively. However, M190WMA Rediset
shows a higher S value of 24,800. THMVIA mixes with Advera and Sasobit show
almost the same damagharacteristics as HMA; however, the damage behavior of

WMA with Rediset is more favorahle

PG 6422 with 25.0 mm Aggregate Gradation
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S

Figure25.Damage characteristic curves foU25VECD n
mi xes.
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It should be noted that the amount of accumulated damage to achieve a certain value

of C would give an idea of the behavior of the mixes but that could not be enough to assess

the performancef the mix.This could be made clearer especially that S to achieve C=0.5 is
17,100 for the U281MA mix that is around 10% higher than that of MAMA. Even
though the U281MA requires more damage to get to C=0.5 than the-MNBA but this

does not mean th#é would have a better performance than the MDMA. One point to be

highlighted is the fact that the drop in C of 0.5 is relative to the actual stiffness of the mix

which differ from one mix to another.

On the opposite sidesttstical analysis

conducted for th¢E*| results of HMA and WMA with Sasobit, Rediset, and Advera with
both modified and unmodified binders shows that the effect of WMA additive depends on the

additive itself and the type of binder used. For modified binder, the stiffnesised with

Sasobit and Advera are the same as that of the control HMA mix; however, Rediset is able

reduce the stiffness of the mix. For the case of unmodified binder the three WMA additives

has the same effect in reducing the |E*| of WMA. Therefors,rnibt enough to assess the

behavior of HMA and WMA mixes under a certain loading profile based on eithe60@rvs

dynamic modul us

resul ts.

So,

t he

perfor mance

resistance to damage and deformagidnderwood 201l Based on that the mix are

compared using the prediction of viscoelastic strain in response to a given stréss profi

where damage characteristic curves, LVE properties, and temgerature shift factors are

incorporated.
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Such atask is carried out by takiagtress history of 100 creep and recovery tests
with a loading and resting period of 0.1 and 0.9 sec, réspbc This is considered with a
deviator stress of 600 kPa and at a temperature of 35°C. The VE strain component is

predicted for this loading profile for the HMA and WMA mixes which are ranked based on

the VE damage strain after 100 cycles as showrable17. WMA with Sasobit shows a
better performance than the corresponding HMA mixes. The performance of WMA with
Rediset is better than that of HMA in case of unmodified binder but worse in case of the
modified bnder. However, WMA with Advera has a 15% highecoelasticstrain forthe
case of modified binder and almost 80% higher than HMA in case of unmodified binder.

Taking the case of M19 mixes, WMA with Rediset shows more favorable damage

properties but lver |E*| than other mixes; however, based on the predicted viscoelastic strain

it has the highest unrecoverable strain at the end of tH&ct@6p and recovery cycle. On the

other side, taking the case of U25 mixes, Sasobit shows the most favorable gaopsgties

but a lower |E*| than U2BIMA,; but, it shows the lowest predicted viscoelastic strains at the

end of the 100 creep and recovery cycle as compared to the mixes of its category. Therefore,

this shows that |E*| nor C vs. S alone can charaeténz performance of asphalt concrete

mixes and thus the full image on this behalf is dictated by the predictions that aggregate the

material properties among different levels of characterization.

Tabl®redivdtsecedb etlraaditmr c HMA and WMA mi xes

recover.y cycl es

VE Strain after 100 Ranking
Mix Description Creep and Recovery Within

Cycles Category
~ HMA 4.11E04 2
S E Sasobit 2.98E04 1
52 Advera 4.70E04 3
o Rediset 7.65E04 4
o HMA 8.36E04 3
3 E Sasobit 5.20E04 1
B Advera 1.52E03 4
o Rediset 5.98E04 2

5.3 Viscoplastic Modeling

after

As discussed earlier, part of the nonlinear damage in the asphalt mixtures is attributed to

viscoplasticity. This is modeled by using the resultsroéshead testing done at high
temperature of 3& and slow testing rates. It is notable from the testing results that the
binder softens during testing and thus the response of the mix will be affected by the

aggregate interlock at a certain pgurgt before the peak stress is reached. At this level, the
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resistance to deformation will be attributed to the aggregate interlock and not only the binder.
Therefore, theviscoplasticstrain is modeled for the stress profile before the effect of the
aggregate imrlock appears. The results, as presentd@bte18, show thathe contribution

to viscoplasticity is affected by the type of WMA additive used. The use of Sasobit as a wax
based additive increases the contribtof viscoplasticity to total damage significantly
regardless of the type of binder. However,
reduces the contribution of viscoplasticity for both modified and unmodified binders. It is
worth noting that the contriltion of viscoplasticity varies between 25 and 35% of the total
damage which is thus dominated by nonlinear viscoelastarithe case of 3& and the
considered testing ratds addition, it can be observed that the peak stress is higher with a
largercorresponding axial strains for case of M19 mixes as compared to the U25 mixes. This
indicates the effect of modified binder in increasing the stress and ductility of the asphalt
concrete mixes. By comparing the effect of WMA additives, it can be obseraeamost

mixes with Sasobit show a similar peak stress and corresponding strain compared to the
control HMA mixes of each categoriyor each of the mixes under study, the viscoplastic
model is developed where the parameters p, g, aredpér&Equation65s. For example, for
M19-HMA the p, g and Y are 0.47, 0.05, and 4.4k i€spectively; while for U2B5IMA they

have a value of 0.21, 0.08, and 4.6E9, respectively. The values for the viscoplastic model
differs from ane mix to another differentiating the viscoplastic behavior of each of the
investigated mixesThese developed models allow for the prediction of viscoplastic strains
due to any input stress profile.

Tabl8esults ofestrios8C haenedd 3s5l ow rates showing
strain for HMA.and WMA mi xes
Percentage of

Axial Strain at

Mix Description Peak Stress (kPa) Peak Stress Viscoplastic
Strain

o HMA 998.7 0.0148 31.3

N g8 Sasobit 939.9 0.0138 366

O E T

S 5S  Advera 830.6 0.0152 30.3

O+ ©

e 0 Rediset 752.8 0.0130 30.0

o HMA 699.2 0.0122 28.8

NS Sasobit 610.1 0.0101 33.1

Y ER

S 5T  Advera 557.6 0.0080 245

ON 8

o O Rediset 509.5 0.0091 30.8

Even though the VEPCD model is developed, calibrated, and valioased on

constant crosshead rate tests, where damage accumulates without any recovery. The model is
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further validated for cases with recovery by applying 500 haversine cycles at a frequency of
20 cycles/second, a temperature of 7°C, and an amplitud®0fkEA. As seen by the results
of the last few cycles as shownRigure27, the predicted total strain in response to the

described stress profile is almost within 5% of the measured strains.
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Figure 27. Measured and predicted strains for AC sample subjected to cyclic loading.

5.4 Comparison of HMA and WMA Mixes Based on Random Stress Profile
In order to assess the effect of different WMA additives on the performance of asphalt

concrete mixes and basedtte previously drawn conclusions, strains are predicted for each

of the mixes in response to a random stress profile. A stress profile is selected randomly as

shown inFigure28. The stress profile is chosen randomly to includesstcycles with

different magnitudes, different loading durations, and different resting periods. The stress
magnitude peaks fall in the range of 10 kPa with duration times between 1 and 40

seconds which could represent traffic at a signal that dwud different speeds or even
stationary for aertainperiod of time
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Figure 28. Investigated stress profile for prediction of strains for HMA and WMA
mixes.
This random stress profile is used only for illustration to agkesgserformance of the

investigated HMA and WMA mixes knowing that a more realistic traffic profile could be
further investigated based on a real traffic count. Both viscoelastic and viscoplastic strains are
simulated for each mix using its developed mané¢he previous parts of this research. For
each mix, the components strains are predicted separately and added to constitute the total
strain. For each mix, the investigated stress profile is assumed to be at a temperéa@ire of 5
and 38C. Thus, the totastrains are predicted for each mix for the given stress profile at the
two different temperatures. The predicted viscoelastic strains in response to the investigated
stress profile are presentedrigure29 andFigure 30, respectively.

For the M19 mixes, it can be shown that the use of Sasobit as a WMA additive shows
different effect at the two different investigated temperatureS@ahd 35C. This
difference appears mainly in the loading regime nefibe predicted strain for the M19
WMA -Sasobit is almost the same as that of the control HMA miX&bbt smaller in the
case of higher temperature of"l85However, a higher proportion of the accumulated
viscoelastic strain instantaneously recoversupe removal of the load for the case of the
M19-HMA as compared to the MI@/MA -Sasobit. This yields that both MEMA and
M19-WMA-Sasobit have the same magnitude of viscoelastic strains during recovery period
just after the removal of load. This indicatthat the usage of Sasobit as a WMA additive to
asphalt concrete mixes with modified binder will not have any negative effect on the

performance when assessed based on the viscoelastic strain in compression state.
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For the case of WMA mixes with modifidminder and utilizing Rediset and Advera as
additives a different behavior is observed. For both temperaturé€ afsl 38C, mixes with
Advera and Rediet show higher predicted viscoelastic strains in both loading and unloading
regions as compared to theference HMA mix. Such a difference become more prominent
for the case of 3& as compared to that of&G and this could be due to the softening effect
of Rediset as the temperature becomes higher especially that Rediset iscasedyproduct
unlike Advera which ends up in the mix as a synthesized type of fillers. As this could show
and as revealed in the predictions of viscoelastic strains, the difference between the predicted
viscoelastic strain compared to that of the reference-NIM@ mix is more sgnificant for
the case of MISWMA -Rediset as compared to that of MMMA -Advera. Duringrecovery
period the viscoelastic strain for MA&MA -Advera approaches that of MEMA but it is
not the case for ME9VMA -Rediset where it is always higher.

In addition, it can be observed that the recovery is almost similar for all the M19 mixes
regardless of the effect of temperature and the type of WMA additive used. The effect of any
WMA additive on the recovery properties is mainly overcovered by that of the wskfieah
binder. However, this is not the case of the U25 mixes with unmodified binder as shown for
the predicted viscoelastic strainsHigure30. At 5°C, the unrecovered viscoelastic strains at
the end of the analysis is higHer all WMA mixes as compared to the reference HMA
mixes which is not the case at’85except for U2BNVMA -Advera. For this category of
mixes, thepredicted viscoelastic straishow thatat 5°C it is always higher for the WMA
mixes as compared to the cantiMA mix regardless of the type of WMA additive used.
Rediset and Advera has almost the same effect on yielding higher levels of predicted
viscoelastic strains more than the case of using Sasobit°@t 84lifferent behavior is
obtained especially th&at25-WMA -Advera is the only mix to show a higher predicted
viscoelastic strain that the control HMA mixes. However, during recovery the strain
decreases at a fast rate approaching that of the control HMA. For the case\0IMJ/5
Rediset and U2BVMA -Sasobif the predicted strain is below that of the control HMA during
loading where the later has a higher ability of recovery where the unrecovered viscoelastic
strain is obtained to be the same at the end of the analysis period for these three mixes. For
the UBS-WMA -Rediset, these results might be due to the fact that its stiffness is higher than
that of U25HMA at very low reduced frequency. However, for the W¥§A -Sasobit the
result might be governed by the more favorable damage characteristics that sgmases

discussed earlier.
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Figure 29. Predicted viscoelastic strain for the different HMA and WMA M19 mixes in
response to the investigated random stress profile at a temperature of &Csand b)
35°C.
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Figure 30. Predicted viscoelastic strain for the different HMA and WMA U25 mixes in
response to the investigated random stress profile at a temperature of &Csand b)
35°C.
Since the response of asphalt concrete includes a viscoplastic compuméattet is

predicted in response to the investigated stress profile at both temperati@suoé B5C.

It is apriority known that at® the viscoelastic strain will be dominant and thus a little
proportion of the total strain will be due to viscopieity slow rate of loading for the
application ofthe lbad for dong period of time. The viscoplastic strains are predicted for
M19 and U25 mixes ashown in Figure31 andFigure32, respectivelyln general, it can be

concluded that the use of Advera and Sasobit as WMA additives increases the viscoplastic

86



strains of asphalt concrete mixes regardless of the type of binder and temperature. For
Rediset, the same can be abee in all cases expect the case of using it with a modified
binder at a high temperature of°85

For the case of modified binder, at 5°C, the waxy component of Sasobit might be stiff
enough unlike the case of 35°C where it might softens adding afiather for softening the
binder and triggering higher deformations presented by increased viscoplastic strains. This
results in a viscoplastic strain at 35°C higher than that of case of Advera which ends up in the
mix as a filler than could resist the defation of the binder. Similar results could be
obtained for Sasobit and Advera for the case of unmodified binder at 35°C. However, the
effect of Sasobit in increasing the accumulated viscoplastic strain for mixes with unmodified
binder appears significdgtat 5°C unlike the case of modified binder. This could be
attributed to the fact the for mixes with modified binder, the properties of the binder are
dominant over Sasobit especially at low temperatures but it is not the case when having
unmodified binde For each category of mixes, it can be observed that the effect of Sasobit
with respect to other mixes of the category differs whether the predicted strain is viscoelastic
or viscoplastic.For example, taking the case of MIMMA -Sasobit at 3% shows tht it has
a lower predicted viscoelastic strain but a higher viscoplastic strain as compared to the
control M13HMA. Therefore, it can be concluded that the use of WMA additives with both
unmodified and modified binder will have a negative effectontikedns r esi st ance
deformation in compression state where it is almost expected to have higher predicted

viscoplastic strains.
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Figure 31. Predicted viscoplastic strains for the different HMA and WMA M19 mixes
in response to tke investigated random stress profile at a temperature of a6 and b)

35°C.
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Figure 32. Predicted viscoplastic strains for the different HMA and WMA U25 mixes in
response to the investigated random stress profile at a tempetae of a) 5C and b)
35°C.

It is worth noting that for the case of predicted viscoelastic strains, mixes with
unmodified binder possess in generally higher strain levels than mixes with modified binders.
However, in the case of predicting viscoplastiaisis, mixes with both modified and
unmodified binder are of the same level of magnitudes. This is basically due to the fact that
the used PG7&2 binder is modified with SBS which is an elastomer enhancing the elastic
recovery of the asphalt.

As a resulbf the predicted visocoelastic and viscoplastic strains for the case of every
mix at 5C and 38C, the total strain in response to the investigated stress profile is
determined as the sum of these two components that are already predicted. The tstal strai
are plotted irFigure33for the M19 mixes. For the mixes of M19, WMA additives generally
leads to an increase in the predicted total strains as compared to the control HMA mix. At
low temperature of &, the net effect of Sabit is null where the strains are the same as that
of M19-HMA. The final results show that Rediset leads to the most increase in the predicted
total strains when compared to the control HMA at mix. The difference between the total
strain of the WMA mixesrad HMA becomes larger as the temperature increases. At high
temperature, Advera shows the most favorable deformations in compression state among the
other WMA additives. At the end of the considered analysis period, the percentage of the
viscoplastic strai from the total strain for the stress profile at@G% about 85% for M19
HMA, M19-WMA -Rediset, and M1®VMA -Advera and about 92% for the MABMA -
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Sasobit which shows that although the wax increases stiffness in terms of |E*| but it have a
negative impacbn increasing permanent deformation in asphalt mixes when subjected to

compression loading.
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Figure 33. Predicted total (viscoelastic + viscoplastic) strains for the different HMA and
WMA M19 mixes in response to the investigad random stress profile at a temperature
of a) 5C and b) 35°C.

Similar to the case of M19 mix, the total strain is determined in response to the
investigated stress profile for the U25 mixes as presentédume34. Unlike the case of the
M19 mixes,the effect of WMA additive is more significant &compared to the

predictions at 3% where all additive lead to an increase in the predicted total strain. At 5C,
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the total strain of all WMA mixes is higher théhat of the control HMA mix with the highest
strain predicted for U28VMA -Sasobit and the least for U¥BMA -Advera. However, at

35°C, U25WMA -Rediset shows a total strain lower than that of the control HMA mix but
Advera and Sasobit yields a total striiat is about 30% higher than that of the control mix.
The fact the Rediset yields a lower total strain might be attributed to the fact that its optimum
asphalt content is lower than that of the control mix by 0.1% (3.5% fo\\JZ3\ -Rediset

vs. 3.6% for L 25-HMA).

Based on the viscoelastic and viscoplastic strain predictions, it can be concluded that
the effect of WMA additive is dependent on both temperature/loading rate/loading duration
and the type of binder with which it is used. In general, WMA adelitreduces the mixes
resistance to deformation in compression state and this could be due to the fact that they are
subjected to less aging and tha additives are able to alter the properties of the binder

which leads to the observed differences mtttal strain predictions between one mix and

the other.
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Figure 34. Predicted total (viscoelastic + viscoplastic) strains for the different HMA and
WMA U25 mixes in response to the investigated random stress profile at a tperature
of a) 5C and b) 35°C.

5.5 Assessing Effect of Fibers on |E*| of HMA and WMA

For the category of mixes with unmodified bindedd 9.0 mm aggregate gradation
referred to as U19 mixelg*|, E(t), and D(t) mastercurvere constructed and fitted at a
reference temperature of 25°C for each replisatelar to the case of the mixes of categories
M19 and U25The average |E*| mastercurves and shift factors for the HMA and WMA mixes
with and without fibers are presentedrigure35 andFigure 36, respectively.For these
mixes, WMA has a higher |E*| at low reduced treqcies smaller than 0.01 Hz. This implies
that using wasbased WMA additive improves the stiffnexfshe asphalt mixes at conditions
of high temperature and/or slow speeds. For higher reduced frequencies, the WMA has
almost the same |E*| mastercurve as that of the corresponding HMA mix except for a slight
decrease of |E*| at high reduced frequensieslar to the effect of Sasobit with ra@s of
categories U25 and M19

The addition of fibers shows that it has an effect on |E*| which is measured in
compression. For HMA mix, the addition of fibghigldsa mix that is less stiff especially at
low reduced frequencieB the case of WMA witHibers, |E*| is decreased at high reduced
frequenciesas compared to both the corresponding HMA aridA\mix (without fibers).

Also, the addition of fiberso WMA causes an increase in |E*| at low reduced frequencies.
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These results show that using aramid polypropylene fibers witiwax-based WMA

additive improves the AC mix which might yield a better resistance to both rutting and
fatigue crackingThe effect of wax in reducing the viscosity of the binder at the mixing
temperature helps in ensuring morgpdirsion of the fibers within the binder as compared to
the case of HMA. This might be a factor which helps in avoiding any possible clumping of
fiber that could occur in the case of HMA. Thus, the role of fibers in enhancing the properties
of AC is made rare efficient in the presence of wax.

For the timetemperature shift factors, only the WMA mix with fibers exhibits a slight
reduction in their magnitude at low temperatures. It is worth mentioning that the mixes with
fibers show a high variability betwa the three replicates. Thus, a fourth was tested to better
represent the propers®f those mixes.
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Figure 35. Average |E*| mastecurves for control and fiber- reinforced mixes with
unmodified binder and a19.0 mm aggregategradation at a reference temperature of
25eC
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Figure 36. Time-Temperature shift factor for HMA and WMA mixes with unmodified
binder and a 19.0mm aggregategradation as used to constructhe mastercurves of
different LVE functi ons

In addition, the E* data is converted for each replicate using both Exact and

Approximate methods to determine the E(t) mastercurves of each of these four mixes. Then,
the data is converted to determine D(t) using the Approximate method as expéaliezd e
The D(t) and E(t) plotted a6 in Figure37 andFigure38 will be used for the development

of the viscoelastoplastic models of these mixes.

1.E-01 ¢
1.E-02
<
o
2 1E03}
a
1.E-04 £ U19-HMA
F Y~ R PP U19-HMA+Fibers
b = o TS U19-WMA-SonneWarmix
= = = U19-WMA-SonneWarmix+Fibers
1.E-05 1 ) L I L L L

1.E-08 1.E-06 1.E-04 1.E-02 1.E+00 1.E+02 1.E+04 1.E+06 1.E+08
Reduced Time (second)

Figure 37. D(t) calculated by the Approximate method for HMA and WMA U19 mixes
with and without fibers at a reference temperature of 8C.

94



5,000

/(U\ -
o
=
w

500

[ ——— U19-HMA-Exact Method \

[ eeecccees U19-HMA-Approx. Method

| =——&— U19-HMA-Fibers-Exact Method

| m———- U19-HMA-Fibers-Approx. Method

—t— [J19-WMA-SonneWarmix-Exact Method

[ = - = U19-WMA-SonneWarmix-Approx. Method
U19-WMA-SonneWarmix+Fibers-Approx. Method
U19-WMA-SonneWarmix+Fibers-Exact Method

50
1.E-08 1E-06 1.E-04 1E-02 1.E+00 1.E+02 1.E+04 1.E+06 1.E+08

Reduced Time (second)

Figure 38. E(t) calculated by the Approximate and Eact methods forHMA and WMA
U19 mixes with and without fibers at a reference temperature of 5C.

For each of the mixes, the caraed constant crosshead te#t5°C yield C vs Surves
collapsed perfectly on top of each other indicating the absence of viscoplasticity. Thus, the
viscoelastic model for all mixes waswkloped based on the outputs of tests conducted at 5°C
and rate®f 0.0001 strain/sec and 0.0@$§train/sec. For each mix, therd replicate tested
at 0.000@5 strain/sec was used for validation. The results showed that the developed models
are accura where the predicted viscoelastic strains fit perfectly with the measuored
specimen strains. The viscoelashodel was developed for the fadifferent mixes under
study. This shows that the proposed viscoelastic modeling is valid for WMA as for HMA,
and for both mixes with and without fibers. However, itie§ parameters of the C vS
curves and 8s. Lebesgue norm of stress vary from one mix to another, as presengdaien
16, s howi ng t hvaytoVoviAad welbas ldMAMTExest

In order to compare the viscoelastic behavior of the investigdiéA and WMA mixes,
the C vs Slotted inFigure39 are investigated. Consideriagdrop of C from 1 to 0.5 as a
failure criteria,it can be concluded th&¢MA with the SonneWarmikas a better damage
behavior than HMAIn addition, incorporating fibers with tM¢§MA mix furtherimproves
t he mi x6s darmsignetthe eaveavithithe addition of fibers to the HMA mix
which indicates that the stiffening effect of the fibers within WMA might be due to certain

interactions between the wax additive and the used synthetic fibers upon their blending.
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Figure 39. Damage characteristic curves of U19 mixesith and without fibers.

Further and more realistic assessnimEgedn predicted response for a given loading
historyis conductegdtaking into account both thmear viscoelastiproperties and damage
characteristicsTo meet this purpose,l@ading hstory consisting of @0 creep and recovery
cycles was considered with a loading and rest period of 0.1 and 0.9 sec, respectively, applied
stress of 600 kRata temperature of 35°C. The calibrated viscoelastic model characterizing
each mix was used alomgth the timetemperature shift factors to predict the viscoelastic
strain response for the applied stress history. The mixes were ranked based on the calculated
viscoelastic strain as shownTiable19. This stran can be considered nonlinear viscoelastic
(long-term recoverable and ngacoverable) strain representing both strain development and
recovery properties of HMA and WMAhe WMA showsa better performance than the
corresponding HMA mixes. This is furthienproved upon addition dibers to WMA mix
showing the most favorable performance as compared to the control HMA mix and the WMA
mix. Therefore, a washased additive and a mix afamid angolyolefin fibers improves the
mechanical properties of AC mixbg possessing better resistance to deformation due to
compressive loading. This improvement might be due to several factors that may include the
stiffening of the binder due to wébasedadditives and the resistance to maraxking that

might be inducedby the use of fibers.
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Table 19. Predicted Viscoelastic Strains for U19 mixes at 35C after 100 creep and
recovery cycles.

ViscoelasticStrains Ranking
Mix Description after 100 Creep and Within
Recovery Cycles Category
HMA 5.98E04 3
£
a WMA -SonneWarmix 4.11E04 2
N
N
3 HMA with Fibers 6.82E04 4
)
- WMA -SonneWarmix with Fiber; 3.79E04 1

Further, both viscoelastic and viscoplastic strains are simulated fookteh
mixtures U19HMA, U19-HMA-Fi, U19WMA-SonneWarmix, ath U193WMA -

SonneWarmixFi using the developed models presented earlier. For each mixture, the
components strains are predicted separately and added to constitute the total strain, as
presentedn Figure40. The resits show that the effect of fibers on the performance of AC in
the compression state is dependent on the mode of loading (loading vs. rest period),
temperature, and type of behavior (viscoelastic vs. viscoplastic). In regions with dominance
of viscoelastiadesponse; i.e5°C, U19WMA -SonneWarmiexhibits higher strain levels in

both loading and unloading regimes as compared to the control HMA mix. However, this is
not the case at 35°C, where the viscoelastic strain is observed to be lower in both leéding a
unloading regimes for the UMYMA -SonneWarmixas compared to the control UHMA.

The addition of fibers shows no effect on the performance of HMA and WMA mixes in the
loading region at 5°C; however, the fibers impose a faster recovery of the viscsttasts
during rest periods. The effect of fibers is more favorable at 35°C, where WMA vyields lower
strain levels during loading. The U AMMA -Fi yields smallest viscoelastic strains at high
temperatures. The fibers appear to be more effective with YA Wix possibly due to the

role of the wax in reducing the viscosity of the binder allowing the fibers to be spatially
spread within AC without being prone to clumping.

Focusing on viscoplastic response, the Wwazed WMA additive yields higher
viscoplasic strain compared to that of the control LHMA at both 5°C and 35°C. The
difference between the viscoplastic strain of the MIMA -SonneWarmixand U19HMA
increases as the level of damage becomes larger. The addition of fibers reduces the
viscoplastic gain for the cases of both UT8MA and U19WMA -SonneWarmixat cold
temperature of 5°C. Similar results are obtained for the case of the higher temperature of

35°C except for the case of UYBMA -SonneWarmix=i as the level of damage increases
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where the efct of the waxbased additive in increasing the viscoplastic strain outweighs the
effect of fibers in resisting it. Based on the total predicted strains, fibers improve the
performance in terms of the predicted strains in response to a given stresghigpetfect is

more significant and favorable in cases where viscoelasticity is dominsimbwas inFigure

40-e. At conditions of high temperature, fibers show a favorable effect in reducing
deformation especially the loading region when used with a waased WMA additive;

this implies lower levels of damage which can extend the life of AC pavements. Such effects
can not be shown by only comparing single material properties such as |E*| and/or damage
characterigc curves alone. Hence, a combined mechanistic material characterization and
mechanistic performance prediction is valuable for the realistic and accurate assessment of

new technologies in the industry of asphalt paving.
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Figure 40. Predicted viscoelastic, viscoplastic, and total strains in response to random
stress profile at 5C and 35C.
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5.6 Conclusionsand Recommendations

1.

Theviscoelastic and viscoplastic continuum damage models used for
characterization of HMA mixes are amalble for WMA mixes.

At a time that LVE properties and damage characteristic curves can be used
to assess different types of mixes, the realistic and accurate comparison of
differentmixes require the use of all these measured and develop material
propeties in the prediction of the response of each of the mixes to a given
stress profile.

The effect of WMA additives on the mechanical properties of asphalt mixes
in compression state is dependent on the type of binder used (i.e. unmodified
vs. polymer moified binder)and the temperature considered in the analysis
Based on the developed viscoelastoplastic models, the different WMA
additives show a light effect on the predicted strains compared to control
HMA mixes when used with modified binder at a l@mperature of & and

with unmodified binder at 3&.

The predicted total strain is significantly higher than control mixes for various
types of WMA additives used with modified asphalt binder at high
temperature of 3& and with unmodified asphalt bindetow temperature of

5°C.

At time the wax based additive Sasobit shows minimal effect on the
performance of asphalt concrete in compression when assessed based on the
viscoelastic model, it induced high viscoplastic strains compared to that of the

contrd HMA mixes.

. Compared to other WMA additives and based on viscoelastoplastic models,

Advera shows the most favourable results when used with modified binder;
however, the performance of mixes with Sasobit and Rediset is more
favourable for the case of uaified binder.

For the materials used in tAeabian Gulf regionit is recommended to use
WMA mixes without any change in the asphalt content. The mixing and
compaction temperature can be reduced constantly among all contractors by
20°C and 38C for modfied and uamodified binders, respectively.

Based on predictions from the develop viscoelastoplactic models, fibers
improve the performance in terms of the predicted strains in response to a

given stress profile.
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10. The effect adding aramid and polypropyddibers provides an improvement
to the mixesod performance in the compr
based WMA additive.

11.The improvement of the performance of mix due to the introduction of
aramid angolypropylene fibers with SonneWarmix has to beter

investigated and validated among the other WMA additives in study.
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CHAPTER 6

MODELING OF THE INHERENTUNCERTAINTY IN THE
COMPONENTS OHHE VECD MODEL

6.1 Introduction

The modeling of the inherent uncertainties assotiadéh the compones of the
VECD modelis done on a component basis. This includes modeling the inherent
uncertainty of the different material properties that are involved iprédiction of the
viscoelastic strairBasically,the uncertainties to be modeled address #nabilities and
errors associated with tipeoperties achieved from tltemplex modulus and the constant
crosshead rate testing. The uncertainty of thesigfopagated into |E*§6, E(t),andD(t).
In addition the uncertainty associated with crosshéestings propagated througtine
prediction of stiffness due to any stress profile input which is basically through the
models ofC vsSandSvs. Lebesgue Norm ofrstss.Further these uncertaintiese
jointly taken into consideration and propagated the prediction models of the

viscoelasticstrainsat different conditions of input stress profiles and temperatures

6.2 Experimental Program

The modeling of the viscoelastoplastic behavior of asgloaltreterequires
experimental data obtained framo different tests: E* and monotonic testing. gk®wnin
Figure4l, the inherent variability determined from E* testing is propagated through E(t) and
D(t) that serves as key parameters for the calculation efgheelasticstrains. In addition,
E(t) datais used tacalculatethe slope of this curvia its linear portioras it is a key
parameter for the calculation thfe damage paramet®r The monotoni¢esting is required
to determine the damage characteristic propertias @curve) ofasphalt concrete
Therefore, after quantifying the inherent variabilities in E(t) and D(t) from E* testing, other
samples are required to be tested in otdenodel the probabilistic distribution of the
parameters presenting the C 8and Svs. Lebesgue Norm of Stresk§(stress)curves. As
a result, thenherent variabilities in D(t) and C§(stress)) (which is jointly &) and
S(LS(stress)) is modeled and thus forward propagated through the convolutiagrahte

yield a probabilistt viscoelasticstrain predictiormodel.
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Figure 41. Schematic showing materiatesting andproperties required for VECD and
P-VECD modeling.
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For achieving this purpose, four mixiesm those designed in the previous tasks of

theresearch asummarized iMable5 areselected for auil probabilistic investigation. fie

inherent uncertaintis quantified and modeled for every single material property and thus

propagated forward to yield prabilistic VECD modefor each mix The mixes selected for

this purpose arpresented i a b2l O&8hese mixes are selected to show whether the binder

type (unmodified vs polymemodified binders), use of WMA additives, and aggtega

gradation (mainly NMAS) influence the inherent variability in the material measured

properties or not.

f

Tabd® Asphalinmixescselected
Asphalt ConcreteMix Type Assessed Factor
U19-HMA -
M19-HMA Modified Binder
U19-WMA-SonneWarmix WMA additive
U25-HMA Aggregate NMAS

or

probabil.

For eachmix, E* samplesareprepared and tested to have a total of ten replicates for

each mix. These samplaseprepared and tested following the same protogsésl for

testing the first three replicates that are used in the typical deterministic characterization as

presented earlier. For each replicate, E* datesed to determine E(t) and D(t) which are

required for VECD modeling. Thus, a probabilistic anaisconducted to quantify the

inherent uncertainty of these response functions through the Prony coefficients defining each

of them. Like the case of E*, constant crosshead rate compressioitestsducted at 5°C

and fast loading rates so that theatmumber of samples of this tésat least ten for each

mix as presented ifable2l. In this case, the samples can be tested at different rates but the

same temperature under the condition that the behaparésyviscoelasticThe number of

replicates is selected as a practical lower bound to the number of tests that would allow for

meaningful statistical analyses to be conducted.
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Tab2¥8esting conditiconasn afloyrs ipsr oobfa bMB G Ds tmo
Linealr Vlsqoelgstlc Viscoelastic Model
Characterization

Complex Modulus in Constant Crosshead Rate
Test . )
Compression mode Compression Test
Temperature -5, 10, 25, and 40°C 5°C
0.0001 strain/sec,
(4 replicates for each mix
20, 10, 5,1, 0.5, 0.1, and 0.0 0.00005strain/sec,
Testing Rate Hz (4 replicates for each mix
(10 replicates for each mix) and

0.000025 strain/sec.
(3 replicates for each mix

Total Number
of Replicates 10 11
Per Mix

6.3 Probabilistic Modeling Methodology
6.3.1 First Order Approximation

First order approximation has been used for decades as a tool for reliability analysis
where it transforms the problem in hand into an approximate optimization prfbderm and
Ang 2007. The expected value of a function of many random variables is @alled
mathematical expectation. FérF g(X1, X2, &y), the mathmatical expectation is given by

Equation75which can be used in order to derive the moments of Y.
(oA 88 N8 MMM Qfry 8MBMBMH XD 8O
Equation 75

The function Q¢ Fd B hd  is expanded in a Taylor series about the medues
‘" H 8H to obtain the approximate mean and variance of Y. This will eldation

76 which canbe truncated at its linear tergsen an approximation of Y as given in

Equation77.
L] HefHe 8 fH. %Hﬁgﬁ' L Hy g
Equation 76 S
e Q' A 8Hh B & * — Equation 77

The fird-order mean and variance of Y aegluced as shown Bquation78 andEquation
79, respectively.
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Ohe Q" H 8H Equation 78
ooweB , — By B ", , —— Equation79

where all derivatives are evaluated atii 8 K
This can be simplified by solving the relationship:
0 000 Equation 80
where:
1 0O : Covariance matrix oX;s whered ",

9 0 : Covariance o¥f = Variance of Y

T As[— —88— ho 8k

1 " : Correlation coefficient =

6.3.2 Monte Carlo Simulations

The first ader estimates of the mean and GX®¥ the response variable could suffer
from inaccuraciegecially in the case of problewith a highly nonlinear mathweatical
form such as the case of sigmoidal functig@hing 2011 Kabhil et al. 201%. In addition, the
first order approximation does not provide any feedback regarding the mathefoaticaf
the probability distribution afhe response of interest which is a necessity for conducting a
reliability-based anabis To cater for the above limitation, a robust statisticellysis that is
basel on Monte Carlo simulations conducted to provide more realiséistimates of the
mean, COV, and probability distriltion ofthe responsand to check the accuracy of the
results of the First Ordergfroximation.

The Monte Carlo method is a simulation technique that relies on computational
algorithms to model the probabilities d@ifferent outcomesdlependingn the intervention of
different random variables. It allows thergeration of quantitative results based on results of
previous tests withodtrtherconducting any physical testingNowak and Collins 2012
The information on probability distributions of the paramete hand is usetb generate
large samples of numerical dafdnis method provides an edge where it can be applied to
complex problems withx@remely difficult closeeform solutions such as probabilistic
problems with complicated ndmear models. Further, it yields realistic solutions without the
need for simplified assumptions. Monte Carlo simulations can reproduce random variables
while preserving their specified probabilistic distributions and correlation relationships
(Chang et al. 1994

106



For a given problem to be simulated by Monte Cdhe,response of intere¥t(e.g. |E*|,
%(w), E(t), D(t), CE),S( L e b ( s tis pesented bg: )
® Q® Equation 81
where:® & B iy is the vector of input variablés.g.U o, b ,  afar [E*| and
%(w) andProny Coefficients for E(t) and D(t)).
An estimate of the cumulative distribution function for Y which is equal to P(Y <y) can
be obtained by simulating N realizations, anent counting the number of realizations (n)
thatgivegb) O y:
0o =
0
Also, the moments of Y can be estimated where the mean of Y (E(Y)) is calculated by
simulatingfi Equation810 N times, and taking the average of Y.
The, the second moment of Y is calculated as:

WoOYy —B M@ O0n Equation 82

The basis for simulating the realizationsdbby Monte Carlo method is to

1 Generate a vector of statistically independent, uniformly distributed random variables
between 0 and 1 designated’ ey

f Transform' pinto WPby assuming to be thevalue of thecumulative distribution
function of® . This isa morecomplicated process for correlated random variables

where it requires the transformation' aito independenstandard normabndom

variables wPinstead of transforming it directly toP.

{1 Performa linear transformation to transform the independtridard normal

random variable<oPto correlated random variabdePas the following:
A 0B B Equation 83
where:
3= mean vector of X
1 0 = atransformation lower triangular matoktained from the covariance matrix of
the input variables Xuch thatd 00 0
1 6 = Covariance matrix of X
1 6 = Identity matrix
The transformation matripd] can be determined using differenatrix decomposition
techniqueseigenvalue decomposition, singular value decomposition, and Cholesky
decomposition.The Cholesky method the fastest andommonly usd in Monte Carlo

simulations and it presents a useful mathematical techniquesathdte used for the
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decompositiorof symmetric and definite matrices like into an upper and fower
triangular matriceglike [A]). Applying [A] to a vector of uncoelated sample&vP, generates

a sample vectold ® having the same covariance properties as the problem/system being
modeled.The elementsd and of the matrix [A] are defined iBquation84 andEquation

85, respectively.

&) GEV DI DB O Equation 84

) A , >l Equation 85

To obtain a reasonable acaay of the estimated responkage number of realaions
hasto be simulatedSimulating500,000realizatiors is believed to provide accurate results
for the simulated responses which implies large computational efforts. In this research, the
Monte Carlosimulations are carried out usibgth Microsoft Excelspreadheets and R

codegscripts

6.3.3 Probabilistic Modeling Straggy

The purpose of this part of the research is the propagation of the uncertainties in material
properties into VECD model. This éarriedout on a component basis by modeling the
inherent uncertainty of each material propemy forward propagating to yield a
probabilistic prediction of viscoelastic straifiiis requires modeling the uncertainty in the
LVE functions fromthe E* testing andn the damage characteristic cunesed on the
constant rate crosshead tests@®marized irFigure 42. Thus theaimis to model the
uncertainty in |E*| as a function of reduced frequency/time, E(t) as a function of reduced
time, D(t) as a function of reduced time, and C as a function of any value of Lebesgue Norm
of stress (LS(stress)). For the case of C, it is presented as a function of LS(stress) directly but
considering the uncertainties of both functionsS)\&ndS(LS(Stress))To achieve this, the
uncertainty of every material property (|[E*|, E(t), D(t)SES(LS(stress)), and C(LS(stress)))
is modeled by forward propagation of the uncertainties in the parameters of the model
describing that property over its domain as described in the following seckongach mix,
realizations from Monte Carlo simulatiofes D(t) and C(LS(stress)) will be used to forward
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propagate their uncertainties into the prediction of the viscoelastic strain for given stress

profiles and temperatures.

6.4 Inherent Uncertainty in LVE Functions
6.4.1 Inherent Uncertainty in |E¥|

E* servesas an important and basic material charazton test to be used for
VECD in terms of converted E(t) and D(t) and into other commonly used pavement design
and analysis methods like the mechanistigpirical design methodEven though |E*| is not
used drectly in the prediction of the viscoelastic strain, its uncertainty will be modeled
because it serves a key parameter in the characterization of asphalt céisnetbe
uncertainty in |E*| is required to provide a better understanding of that iarg(f)(t).
Throughout this section, a preliminary quantification of the uncertainty due to inherent
variability in |E*|is introduced and presentadhere it carserve as an input to any
probabilistic pavement design method. The primary objective ofeébigs is to characterize
the inherent variability in |E*| across the full spectrum of the |E*| master curve (i.e. at
different reduced frequencies). This objeciachieved by analyzintpe |E*| dataof 10

replicatesof each of the four mixes
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6.4.1.1|E*| Mastercurve
The |E*| mastaurve isdetermined by fitting theigmoidal functiorto the measured

|E*| dat as indicated iEquation86 andEquation87. The sigmoidal function relates |E*| to
the reduced frequency which is calculated as a function of temperature and fretjusncy
remarkable that the sigmoidal function used in this part of the research is based on four fitting
parameters; while in the previous sections all |E*| mastercurves are fitted to sigmoidal
function with six parametesss slown in Equation72. This is done ahis level, for both |E*|
and%(w), in order to simplify and reduce the number of parameters involved in the
quantification of the uncertaintiel.is worth noting that many forms of the sigmoidal
functon can be used to fit |E*| mastercurves. The effect oditiraoidal functiorform on the
uncertainty in |E*|, and basically tkeeistemic partis studied in the following sections.
1 1s@s — Equation 86
O pm Equation 87
where:
|E*|: dynamic modulus (MPa
abci, U, b, and 92: fitting parameters
"Q Reduced frequendyHz) at a reference temperature
The relation betwee}fie*| and’Qis governed byour parameters{, U, ), bndthand o
betweeriQand temperature hreeother parametsi(a, b, and cas presented earlier in

Equation32, Equation33, andEquation73, resulting in a total of sevenodelparameters.

6.4.1.2|E*| Data

For each replicate of the four mixes, |E*| mastercigeenstructedt a reference
temperatur e ofinFgbre48 aFso rp reeascehntreedp!l i cate, t he
U aredetermined along with the shift factors. Forleaux, an average |E*| masterve that
represents the averagetbé replicates is also presentdespective of the mix properties,
results inFigure43indicate that there exists scatter/variability that is clearly exhibited in the
|E*| curves of the different replicates around the average curve of any given mix. The scatter
is minimal at reltévely high values of reduced frequency and increases systematically as the
reduced frequency decreases. This implies that the inherent variability of |E*| is expected to
be higher in the lower range of reduced frequendiessial observation of the scatte
indicates that the magnitude of the variability in |E*| at relatively small reduced frequencies
changes and seemsdepend on the components of the mix. For thewititik WMA
additive the inherent variability in |E*| seems to be higher than the varyadhibited in the
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U19-HMA mix. Also, the inherent variability in |E*| seems to increase as the NMAS of the

mix becomes larger as it is the case of the-HRPA compared with UIHMA.
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Figure 43. Best fit sigmoidal functions for |E*| of replicates in (a)U19-HMA (b) M19-
HMA (c) U19-WMA -SonneWarmix (d) U25HMA .

6.4.1.3 Probabilistic Model of |E*| Mastercurve
|E*| can be considered as a random variable because it is a function of the random

variables: o9, U,efivandob.oHoweeeprobaki dity
U, G, b) has to t aikaredgovemnan byahe signoidahfhichhasa Y and
nonlinear nature. Thencertainties in the parametexd, andc of the shift factoare
neglected givethatthe contribution of these paramettrghe total uncertainty dE*| was
found to benegligibleas per Kahil et al. (2015) and as confirmed in the following sections

The first order approximation method will be used in order to determine the mean
and covariance of the nonlinear functon®=* (o, U, 4, b) from the f

of each of the 3 through theelations presented ifable22.

Table 22. Relationships used for the First Order Approximation of |E*|.
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For each of theeplicatesunderstudy, the parameters of the sigmoidal function are
determined. The mean asthndard deviatiofor each parametés consequentlgalculated
for any given mixThe results show théthas the highest uncertainty for all mixes as
indicated by comparing its COV (ratio of standard deviation to mean) with that of the other
three parameters. Tloerrelation coefficients that define thevariancestructurebetween the
different pairs of parametessealso determined. The mean vector, standard deviation vector,
and correlation matrix of the four parametarspresentedn Table23 for all thefour mixes
analzed in thigpart of thestudy Results indicate that the correlation coefficients between
the different pairs of the four parameters vary in magnitude and $eoae.be observed that
sand U e x Ipdsitiviedorreltions araspective of the mix. Alsbe couplesid-00,
fib-00, andfib- Wb are observed to beegativelycorrelated for all mixes.

Table 23. Components of the mean vectqrstandard deviation vector, and correlation
matrices for the fitting coefficients of|E*| for the four mixes understudy.

Mix UIGHMA | M19-HMA | YIFWMA- 1 on liva
SonneWarmix

v Mean 4.542 4.583 4521 4573
“ [ stdpev. | 0054 0.046 0.055 0.078
. Mean -3.035 -3.260 -2.728 -3.171
Y st Dev. 0.184 0.366 0.311 0.434
Mean 0.597 0.744 0.187 0.666

b ™ Std Dev. 0.174 0.191 0.126 0.213
Mean 0.533 0.432 0.593 0.508

° [ stdpev. | 0.040 0.049 0.059 0.055
U-U 1.00 1.00 1.00 1.00

. i-U -0.36 -0.08 -0.75 -0.57
2 U-b -0.30 -0.01 0.57 0.20
= -0 -0.49 -0.25 -0.78 -0.59
3 U 1.00 1.00 1.00 1.00
15 Ub -0.61 -0.94 -0.79 -0.87
% Uo 0.87 0.94 0.87 0.89
= b-b 1.00 1.00 1.00 1.00
© b-2 -0.40 -0.92 -0.83 -0.83
99 1.00 1.00 1.00 1.00

The statistical da presented iTable23 defines the first two moments (mean and
covariance) of the model parameters. To complete the probabilistic model for the inherent
variability in |E*|, knowledge about the probability dibtriions of the parameters is required.

This is done byonducting the ShapiraVilk Normality Test which has a good power for a

given level of significance. This is conducted usinR udi o wher e t he nul
Data comes from a normal distributn 6 i s t est ed -valueiscemparéddoao bt ai
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significance level of 0.05. Also, a log transformation is performed to check whether the
normal or lognormal distribution best fits ttesteddataset The results of the test, as
presented iTable24, show pvalues higher than 0.05 for all the parameters in the case of the
four mixes. This indicates thttte normal distributiomprovides a realistic fit of all the model
parameters and thus it has been adopted to ritwejetobability distribution of each dd, o ,
b, and u.

Table 24. p-values by ShapireWilk Normality Test for Parameters Describing |E*| Fits.

u U b o)
U19-HMA 0.272 | 0.709  0.583 0.436
M19-HMA 0.911 0.075 0.361 0.474

U19-WMA -SonneWarmix = 0.988 | 0.280  0.468 @ 0.833

U25-HMA 0.352 | 0.191 | 0.216 | 0.860

6.4.1.4Modeling of Uncertainty in |E*|
The probabilistic model describing the uncertainty in the parameters of the sigmoidal

function allows for the quantification of the inherent variability it| far each mix by Monte
Carlo Method and First Order Approximation. Monte Carlo Simulations consisting of
500,000 realizations of each parameter in the sigmoidal function are conducted to provide
realistic estimates of the mean and COV of |E*| at spdoifdues of reduced frequencies
ranging from10°® to 16 Hz.

As expected, the average |E*| mastercurves that are determined from the Monte Carlo
simulations for each of the four mixes &wand to be idential to the average mastarves
of the differentest replicates shown Figure44. For the average mastercurves obtained
from the First Order Approximation, the same pattern can be obsgitrerepect to the
average mastercurve$the different test replicates with a sliglariationespecially at
reduced frequencies smaller thar®Hr. Thisfinding is significant indicatinghat the
probabilistic model of the sigmoidal function is realistic and representative of the data

analyzed in the four mixes.
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Figure 44. Average |E*| mastercurves at a reference temperature of 25 as obtained
from ten tested replicates, First Order Approximation, and Monte Carlo Simulations
for each of the four mixes.

A further analysis of the obtaed |E*| mastercurvesequires a closer look at each of
curvesfor the four mixes. Thus, |E*| mastercurves at different domains of reduced
frequencies is extracted from the entire domain as showigime45, Figure46, andFigure
47 for [10°-10Y] Hz, [10%-10%], and[10%-10°] Hz, respectively. The entire region of reduced
frequencies is divided into these three domains to represent regions of interest for acquiring
|E*| representing conditions ftire calculation of different types of pavement performance
predictionsin the range of reduced frequency smaller than 1.0 Hz in which |E*| corresponds
for the assessment of rutting, Monte Carlo simulations give the same |E*| mastercurve as that
of the aveage of the replicated the experimental data. Howevehe First Order
Approximation underestimate the magnitude of |E*| in this region as shdvigure45.

Thus, using the |E*| mastercurve resulting from the First OrderoXppation will yield

higher rut depths as the asphalt concreteds
obtained for the case of UF9MA but might yield higher differences for the other three

mixes with highest difference appear for the case GHRIA and U19WMA -

SonneWarmix.

In addition, the comparison of the |E*| mastercurves is done in the region$b@*.0
Hz and 18-10° Hz which correspond to |E*| required for the prediction of fatigue and thermal
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cracking, respectively. As shown kigure46 andFigure47, both |E*| mastercurves

determined by Monte Carlo Simulations and First Order Approximation lie on top of that
obtained as the average of the replicates from experimentalt&tandicates that the use of

| E*] mastercurve from either

Mont e

Car |

(0]

have an effect on the accuracy of predictions of pavement performance under fatigue and

thermal cracking. Therefore, |E*| mastercurve from M@wddo simulation can be always

used to predict pavement performance. However when using the |E*| mastercurve obtained
from First Order Approximation precautions should be taken as it yields higher predicted rut

depth. The significance of this differenaautd be investigated in future studies.
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Figure 45. |E*| mastercurves obtained by First Order Approximation, Monte Carlo

Simulations, and Experimental Data in the region of 16to 10* Hz.
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Figure 46. |[E*| mastercurves obtained by First Order Approximation, Monte Carlo

Simulations, and Experimental Data in the region of 18to 103 Hz.
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Figure 47. |E*| mastercurves obtained by First Order Approximation, Monte Carlo

Simulations, and Experimental Data in the region of 18to 10° Hz

A sample of the realizations of |E*| mastercurves from the Monte Carlo simulations
arepresented ifrigure48 which shows a scatter around the |E*| means Blatter is
presented as a bound around the mean where it becomes wider as the reduced frequency
decreases like the case of the experimental data as shown in the pigtese43. The
scatter appears to be higher for the WIRIA-SonneWarmix and the UZ3MA mix as
compared to that of the UIMA and M19HMA mixes. This can be revealed by the values
of |E*| at a reduced frequency of%dz where it falls in the range of 30 to 120 MPa, 30 to
180 MPa, 20 to 240 MPa, and 20260 MPa for the U1ISHMA, M19-HMA, U19-WMA -
SonneWarmix, and U2BIMA; respectively.

On the other handhé inherent uncertainty in |E*| is reflected by the COVs calculated
using the Monte Carlo simulations and First Order Approximation at different reduced
frequencies.The variation of the COV of |E*| with reduced frequency is plottdelgnre49
for the four mixes. The results indicate that the COV of |E*| increases as the reduced
frequency decreases indicating tha tnherent variability of |E*| is governed by the asphalt

temperature and loading frequency.
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Figure 48. Realizations of |E*| mastercurves from Monte Carlo simulations for a)J19-
HMA, b) M19-HMA, c¢) U19-WMA -SonneWarmix, and d) U25HMA.

By comparing the results from Monte Carlo and First Order Approximation as shown
in Figure49, it can be observetiat the COVs of |E*| obtained from both methods are the
same for all mixes aeduced frequencies smaller than 0.1 Hz. As the reduced frequency
decreases, the COV obtained from the First Order Approximation deviates lower than that
from the Monte Carlo Simulations with a difference becoming larger as the reduced
frequency becomes site. This is the case for all mixexcept the case of UIIMA where
both methods yield the same COV over the range of reduced frequencies betfead 10
10° Hz. It can be observed that both methods provide the same COV when it is smaller than
or equalto 0.25 which is the case for UHMA in the range of 16-10° Hz and the case of
the three other mixes for reduced frequencies larger than 0.1 Hz. This shotle fiedt
Order Approximation might not be efficient especially for levels of COV higraar h25

due the high notinearity of the sigmoidal functiort might be useful as a simple method to
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conduct but caution should be taken when analyzing results since the uncertainty is

underestimated especially when having values of COV higher than 0.25.
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Figure 49. COV of |E*| as a function of reduced frequencysing Monte Carlo

Simulations and First Order Approximation.

For all the asphalt mixes, the COV of |E*| at high reduced frequencie® (TP HZz)
seems to vary in the narrow range around@. &ll mixes except U25IMA. These COV
valuesaresmall and indicate a low degree of inherent variability in [Big COV of |E*| for
the U25HMA reaches a value of 0.15 for larger reduced freq@sndihis mix is the only
one with a nominal maximum aggregate size (NMAS) of 25.0 mm while all the other three
mixeswith a NMAS of 19.0 mnhave the same COV of 0.1. At high reduced frequencies
corresponding to high frequency and/or low temperature, titebis stiff and thus it has a
minimal effect on the COV of |E*For reduced frequencies that are smaller than 100 Hz, the
uncertainty in |E*| increases withedecrease in the reduced frequency, reaching maximum
COV values of 0.75 for one of the mixaisthe lowest analyzed reduced frequency. These
observations indicate high inherent uncertainty levels in |E*| at high temperatures and low
frequencies where asphalt has a lower stiffness and thus prone to higher levels of
deformation.

A thorough analysisf the COVs inFigure49 indicates that the magnitude of the
inherent variability in |E*| in the medium to low reduced frequency range (i.e. below 100 Hz)
is a function of the components of the mAt.time U13HMA has a COV off*| varying in
the range of 0-D.25, the COV of |E*| for the three other mixes increases at different
magnitudesvith a difference between one mix and the other observe at reduced frequencies
below 0.01 Hz. At 16 Hz, U25HMA has the highest COV of 0.76llowed by UI9WMA -
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SonneWamix with a value of 0.6 and then MABIA with a COV of 0.5 which are all

highest than the reference mix UHMA having a highest COV of 0.25he increase of the

inherent uncertainty with the decrease in the reduced frequeexgasted to be due to the

domi nance of the aggregatesdé influence and t
low reduced frequencies (i.e. 100 cycles aHzOsersus 15 cycles at OHz). For the lower

frequencies, steady state may not be fullyeadd in the last 5 or 6 cycles of testing at 0.1

Hz.

In addition, thanvestigatednixesshow that its composition might be a factor
influencing thenherent uncertainty in |E*| especially at low reduced frequencies (i.e. high
temperatures and/or slowdding rates)This can be classified under two major categories: 1)
Aggregate gradation presented by HMAS, and 2)Binder type dictated by the modification
of the binder.Both the M19HMA and the UL9WMA -SonneWarmix show a higher COV in
|E*| at low reluced frequencies as compared to HMA. Those thre mixes have the same
aggregateype andgradationbut differenttypes of asphaltindess with different modes of
modification. UL9HMA has the raw unmodified binder; however, LNMAVA -Sonnewarmix
has thesame binder type but modified in the lab with SonneWarmix which is ebased
WMA additive. M13HMA have a polymemaodified binder produced by blending the
unmodified binder with polymers at high tespecialized plantS his indicateghe
modification ofthe binderand the type of this modificatiarould besources that further
increase the uncertainty in |E*| of asphalt mixiesgeneral, the uncertainty is increased due
to the modification of the binder and the spatial dispersion of the additivesien®aifthin
the asphalt binder. Such additives soften under high temperatures where they can be easily
added and blended which they will be dispersed within the binder to improve its properties
at the desired conditionshe uncertainty of UI9VMA -Sonnavarmix is the highesh this
categoryand this might be due toany possibilities including: additive is notliifudispersed
in the asphalt mix, wax might be conglomeragpdtially within the mix increasing its level
of heterogeneity, part of the addaiwmight not be dissolved, and the dispersed particles of the
wax might have di fHMA, the @GQV ofs|E*|atdosvéedueendr M1 9
frequencies is higher than that of UHMA because the polymer modification might be a
source of heterogeneitlgatincreaseshe inherent uncertainty; however, it is lower than that
of U193-WMA -Sonnewarmix as the modification process is dospecialized manufacturing
facility under controlled conditiorend processe3he level of compatibility of the modifier
with the bnder affecting its dispersion and thus the heterogeneity of the asphalt mix.

The COV of |E*| at low reduced frequencies is much higher fortI2Z mix
reaching a value of 0.75 at 461z that is almost three times that of the tHBIA. Both
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mixesare ofthe same binder type, level of air voids, aggregate type, aggregate source,
mixing and compaction temperatures but a different aggregate gradation and NMAS. The
mix with a larger NMAS of 25.0 mrhasa higher level of inherent uncertainty in |EThe
sendivity of the inherent uncertainty in |E*| to the NMAS at small reduced frequencies could
be due to the reduction that occurs in the b
more sensitive to the properties of the aggregate compdhoitmmad et aR013. As
such, |E*| might beconmore susceptible o t he variation of the agg
distribution, orientation, and interlock within the replicates, thus affecting the load
distribution within the sample. This is coupled with the fact théh@sggregates become
larger, an increase in the sizes of the air voids in the specimen could occur resulting in a
higher variabity in the response of the mix. For a constant volume, the larger the aggregates,
the larger the space filled with binder ahds a region weaker especially at slow rate and/or
high temperatures leading to a higher effect of aggregates on the COV dh|if|the COV
of |E*| is affected by both binder type and NMAS at low reduced frequencies but only large
NMAS influences th&€OV of |E*| at large reduced frequencies. It is worth noting that even
though these components have an effect at both regions, this effect is more dominant at low
reduced frequenciekarge NMAS imposes uncertainty in |E*| at low and high reduced
frequenees which implies that it is better to have mixes with smaller NMAS; however, this
needs to be further confirmed in future work.

Moreover, the E* testing conditiomequire applying the tests at fadifferent
temperatures in the range-6f40°C as sumnwézed inTablell The temperaturérequency
combination that gives the smallest reduced frequency3(Hxdis 40C and 0.1 Hz. Thus,
the portion of the |E*| mastercurve for reduced frequencies in the rangé&-d03®iz is nda
fitted based on experimental data but an extrapolation of the fitted sigmoidal fuhisiae,
the unavailability of data in this regipshaded in grey iRigure49, and the nature of the
used sigmoidal functiomight beothersource contributing to the uncertainty of |E*| as
reflected by the calculated COVEhe effect of uncertainty due to the fitting of the sigmoidal
function might be more influential on the COV of |E*| in the region +10°Hz as

comparedo that in10-3-10? Hz in which experimental data is available.

6.4.1.5Effect of Probabilistic Tim& emperature Shift Factoos Uncertainty in |E*|
In the previous section, the analysis of the uncert@ntpnductecassuming the

time-temperature shift factors to be éetinistic to simplify the solution process. Only the
four parametersd, b, ) af the smmaidal tunctioaretaken probabilistic while the

parameters (a, b, andajeconsidered deterministi®his could reduce the need to develop
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the probabilist models of each of the parameters a, b, and ¢ and to find the correlation in
between them and between them and the parameters of the sigmoidal funetauhtion,
probabilistic timetemperature shift factors will yield probabilistic reduced frequerneigsh
complicates the analysis of the uncertainty in the mastercurve of |E*| i.e. COV of |E*| as a
function of any reduced frequency. In such a case, the uncertainty of |E*| will be quantified at
any combination of temperature and loading frequency.

Thetime-temperature shift factoessa function of temperature for each replicate of
the four mixes are presentedrigure50. It is observed that the tirtemperature shift
factors show a scatter around the meah Wigh magnitude especially at regions of low and
high temperatures. Visually, this scatter is shown to be larger for theHWI&® U19-WMA -
SonneWarmix, and U2BIMA as compared to the UIIMA. So, the ime-temperature shift
factors have an inherent uncentgithat could be affect by temperature and the components
of the mix in hand similar to the case of |E*|. Thus, it is needed to study if the time
temperature shift factors contribute to the inherent uncertainty in |E*| and whether it is valid

to assume #m deterministic in any probabilistic analysis of any material property of asphalt

concrete.
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Figure 50. Time-temperature shift factor curves of the replicates of a) UI$HHMA, b)
M19-HMA, c) U19-WMA -SonneWarmix, and d) U25HMA.

Since thehreeparameters of the shift factor are also uncertain, they are expected to
contribute to the total uncertainty [l6*| and may increase thmeviously calculated COVs of
E* which were presented or reflectedrigure49. |E*| is considered as a random variable
becausevherei t i s a function of & beandcThedérvaonwofar i a b |
the probabil ity di s,tarbjc)hastoitakenintomécountthatZanéX o, U,
are governed by the sigmoidéldnd second degree polynomial for #ieft factors. Both the
First Order approximation and Monte Carlo simulations are used to quantify the uncertainty
in |E*| with a probabilistic timéemperature shift factors through the relationships presented
in Table25. To limit the mathematical computations, the analysis is conducted for cases
involving combinations of real frequency of 0.01, 0.1, 0.5, 1, 10, and 20 Hz with
temperatures ofL0°C, O°C, 10°C, 25C, and 40C.

For each mix, the probabilistic mod#lthe parameters a, b, and c is developed as
presented iMable26 to complement those of the parameters of the sigmoidal function as
presented earlier ihable23. The esults show that the parameters a, b, and c follow a normal
distribution for the four mixes. The analysis of the correlation coefficients show that there is
not any strong correlation between the parameters of theeimeerature shift factors and
the fitting parameters of the sigmoidal function. The magnitude of almost all these correlation
coefficients fall in the range 60.5 to 0.5 without any clear pattern with respect to either
couples of parameters or mixes. However, a strong negative corretatoamd for the
parameters fAad and fAbo for the four mixes. A

parameters b and c for all mixes except UHMA.
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Table 25. Relationships used for the Hist Order Approximation of |E*| wi th
probabilistic time-temperature shift factors.

2
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For the four mixes, the results of Monte Carlo simulations show that taking the time
temperatureshift factors to be either deterministic or probabilistic yields no differences on
the simulated |E*| mastercurves as showigure51. The results are based on 500,000
realizations of |E*| at each combinatidnaading temperature and frequency where the plots
are basedsolelydhaver ageo reduced freqguency deter min
calculated as hi-product of the Monte Carlo analysighe same results are obtained for |E*|
mastercurves obtaiddgrom First Order Approximation with both deterministic and
probabilistic timetemperature shift factors. The results are applicable for |E*| predicted at all
combinations of temperatures and frequencies similar to the conditions of E* testing. Thus,
theuncertainty presented in the tiremperature shift factors seems to have no effect on the

simulated |E*| mastercurves regardless of the temperature or the type of the mix.
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Table 26. Components of the mean vector, standard deviein vector, and correlation
matrices for the fitting coefficientsparameters describing the timetemperature shift

factors for the four mixes understudy where log(ar)=aT?+bT+c.

Mix U19HMA | M19-HMA ULSWMA- . | U25HMA
SonneWarmix
Mean 1.31E03 1.22E03 1.5CE-03 1.09E03
a Std Dev. 2.20E04 3.16E04 4.02E04 2.13E04
Distribution Normal Normal Normal Normal
Mean -0.189 -0.188 -0.195 -0.183
b Std Dev. 0.008 0.016 0.017 0.011
Distribution Normal Normal Normal Normal
Mean 3.850 3.920 3.903 3.898
(o] Std Dev. 0.064 0.192 0.176 0.193
Distribution Normal Normal Normal Normal
a- 0.12 -0.48 0.23 -0.02
a-h -0.27 0.31 -0.39 0.18
al -0.08 -0.15 0.23 -0.42
- a- -0.12 0.17 -0.48 0.40
5 a-b -0.91 -0.92 -0.94 -0.80
= a-C -0.04 0.56 0.67 0.44
§ b-1 -0.16 0.33 -0.35 -0.39
g b-h 0.27 -0.03 0.50 0.28
= b 0.21 -0.15 -0.29 0.06
e ¥ 0.13 0.16 0.62 0.05
S b-c -0.32 -0.80 -0.87 -0.88
c-1 0.49 -0.09 0.50 0.58
c-h -0.11 -0.13 -0.60 -0.55
c -0.39 0.28 0.33 0.23
c- -0.09 -0.31 -0.68 -0.40
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Figure 51. |E*| mastercurves from Monte Carlo simulations with deterministic and
probabilistic time-temperature shift factors for a) ULI3HMA, b) M19-HMA, c) U19-
WMA -SonneWarmix, and d) U25HMA.

For everytemperature, the COV of the reduced frequency is showigure52. It is
constant and independent of the loading frequency because the shift factors are modeled as a
function of only temperaturét any temperature, the COV duced frequency of U19
HMA is significantly lower than that of the three other mixes. At a low temperatui® g,
the probabilistic reduced frequencfad in the range of x10>-2x10’ Hz for loading
frequencies in the range of 0-Q0 Hz. At this tenperature, the reduced frequentiase a
high uncertaintyeflectedby its high COV<hatfall in the range of 0-3.1 for the mixes
under analysisAt -10°C, the reduced frequency of UHMA has the lowest COV of 0.3
followed by the U2BHMA with a valueof 0.8. However, UIS9VMA -SonneWarmix and
M19-HMA have high COVs of 1.1 and 1.0, respectivélgr each mix, the COV of the
reduced frequency decreases as the temperature increases to reach a minifQrbean @5
the reference temperature. Then, the CO¥edficed frequency increases as the temperature

increases to 4C where it is always higher than that of reduced frequency’&tla% never

exceeding the COV obtained at temperatures bef@w 0
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COV OF REDUCED FREQUENCY

Figure 52. COV of reduced frequercies at different E* testing temperatures.
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sigmoidal function along with that in the parameters of the-tengerature shift factors are

presented ifrigure53in termsof the COVof |E*| as a function of reduced frequency. For

the case of deterministic shift factptise COV is presented as a continues curve with respect

to the reduced frequency. However, the COV is presentgdabnéduced frequencies

equivalent to possible combinations of testing temperatures and frequendhes case of

probabilistic shift factors. The uncertainty in |E*| is quantified using both First Order

Approximation and Monte Carlo simulations eveaugh the former method might

underestimate the COV in |E*| for values of 0.25 as stated in the previous section. As shown

in Figure53, the COV of |E*| is not affected whether the shift factors are deterministic or

probabilistic regardless of the mix and uncertainty modeling methbd.COV of |E*|has a

minor deviation from the CO¥alculated using the deterministic shift factors especially at

high temperature with a difference that does not exed€eil Even thogh the reduced

frequencies have a high COV especially at low temperature, but it has no effect on the

uncertainty in |E*| because the uncertainty in reduced frequency yields |E*| values whose

variability is dominated by the original uncertainty of |E*aay given reduced frequency.

Thus,the major conclusion that can be drawn from the above observations is that thef effect

uncertainties in the shift factor on the mean and COV of |E*| could be neglected in any

probabilistic analysis. Thearameters, b,and cof theshift factorcould be assumed to be

deterministic with representative values that are estimated by the mean values.
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Figure 53. Effect of uncertainty in shift factor model parameters on the COV of E*|.
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6.4.1.6Effect of Sigmoidal Function Fittingn Uncertainty in |[E*|
Researcharhave paidsignificant effots to represent the |E*| masterve by functional

forms that will allow them to readily be applied to the analysis and design of pavements.
Thesfitting functionsinclude theStandardSigmoidal Function used in this reseavath

four parameters ansix parameters gsresentedby Equation86 andEquation72,

respectivey. These modelmight exhibit different accuracies in fitting the experimental data.
The Standard §moid was adopted as part tife mechanistiempirical pavement design
guide MEPDG). However, several studies have shown that many asphalt mixtures are not

symmetric about the point of maximum gradient, and thus a symmetrical sigmoidal function,

|l i ke the standard | ogi siversalfittsg fgnotionaldorm woul dn ot

(Khosravifar et al. 201,9R0owe et al. 2009 Other forms of the sigmoidal functipsuch as
the Generalized Logistic Sigmoithave thus been sugges{&bwe et al. 2016 However, it
has been shown that the choice of the sigmoidal function affects the extrapolated results
outside the experimental range especially when following AASHP 7909 where the
experimatal range is even more comp@ée&tm et al. 201%. The predictedE*| values at high
temperatureandbr low frequencies could change depending on the choice of the fitting
function. The aim in this section of the research is not to assess the accutaeyeoiriodels
but to check whether the selection of the model affects the uncertainty in |ESfjemiically
in the regions of extrapdian.

To conduct this analysishe |E*| masteurvefor each replicate of the four mixesakso
fitted using the Statard Sigmoidal Function with six parameters andGkeeralized
Logistic Function which have five parameters. TBY fitting models are referred to as the
four, five, and six parameters mod€he four parameters model is the one used in the
analysis othe inherent uncertainty in |E*| in the previous secti@imilar to the previous
analysis, First Order Approximation and Monte Carlo Simulations were carried out in order
to model the uncertainty the mastercurve dE*|. The relationships required tonduct the
analysis for thé& parameters model and thep&rameters model are presentedable27 and
Table28, respectivelyFor each mix, the probabilistic models (mean, standard deviation, and
distribution) and the correlation matrix were determined for the parameters of each of the
studiedsigmoidal functions. The uncertainty in |E*| is modeled as a function of the random
vai ables (U, b, o9, U4, and &) and (a, b, c

parameters model, respectively.

130

d )



Table 27. Relationships used for the Fist Order Approximation of |E*| fitted using the

Generalized Logistc Function (5 parameters model).
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Table 28. Relationships used for the Fist Order Approximation of |E*| fitted using the

Sigmoidal Function with 6 parameters.
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Independent from the uncertainty analydig, €xperimental data of the replicatés o
each mix wee pooled and used collectively conduct nonlinear regressianalysisto fit
each of thehreemodels.The nonlinear regression is a developed lineaessyon technique
in which a nofinear mathematical model is used to describe the relation between the
response being |E*| and the predictor varialhiech is thereduced frequency in this case
The general form of this regression can be present&edx ,)+He,wherebis a vector of
unknown parameters amds the residual which is also assumed to be Noftéd). The
fitting of nonlinear regressiomodelis determining the leasiquares estimates of the
parameters of the nonlinear moiehrametersfahe Sigmoidal or Logistic Functiond} is
similar to that of fitting a linear model but with an explicit formula of estimation where the
user is required to provide an initial estimate of each of the parameters to be regtessed.
analysis if conductkin R-Studio using thals function.

For all mixes, the estimates of the parameters of the three investigated havdeh
very small pvalue of ZE-16. This indicates thatl the parametersf any of the three models
are significant and required to bé&sthe experimental datasing any of these models. Then,
the nonlinear regression models were used to compare the goodness of fit and check whether
any of the 4, 5, and 6 parameter models is more favorable. Regtnidirgsue, it is noted
here thathe adjustedR? value cannot be used as an adequate measure for the goodness of fit
in nonlinear models because it is based on the underlying assumption that it is a case of
fitting a linear model. It has been shown in literature, from a study done on Gogipae
nonlinear models of which fivare logistic functioeaused for pharmacological and
biochemical applications, that for tbase of nonlinear regressior?, Rl be uniformly high
for both very bad and very good models and the usé ah® adjuste R to choose théinal
model will lead to the correct model only-28% of the time (Spiess and Neumeyer 2010
Thus, the Aki&ke Information Criterion (AIC)which is widely accepted for the comparison
of nonlinear modelgs used for model selectioithe results of AIC of the three fitted models
for each of the mixes is presetie Table29. Typically, the model with the lowest AIC is
the preferred one. Based on the results, the two symmetric sigmoidal models with four and
six parameters have exactly the same AIC for the four mixesindhcates that both models
have the same goodness of fit for the |E*| experimental data. However, the Logistic function
with the five parameters have a lower AIC as compared with the two other models for the
four mixes indicating that it provides a betli¢for the |E*| mastercurve. However, the
difference between AIC of the 5 parameters model and the other model is less than 10 which
indicates that the model with 4 parameters and 6 parameters are not weak models and thus

these two models can be ug&dirnham and Anderson 2003 herefore, based on the
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goodness of fit the three models have the same effect in fitting the data. It is worth noting that
this analysis testihe fitted part of the mastercurve with reduced frequency abolezlénd

thus it does notxamint he model 6s behavior in the extrap

Table 29. AIC of the three |[E*| fitting models for four mixes.

] 4 Paramders | 5 Parameters | 6 Parameters
Mix Model Model Model
U19-HMA -5833 -589.8 -5833
M19-HMA -6747 -673.7 -674.7
U19-WMA -SonneWarmix -679.3 -687.7 -679.3
U25-HMA -620.1 -6241 -6201

The average |E*| mastercurves fitted using each of the models are guiéa&igure
54 for each of the four mixes. Visuallig,can be observed that the |E*| mastercurves fitted
using the three models are exactly the same in the region with reduced frequencies larger than
10° Hz which corresponds the region in which data is available from the experiment. This
lies within the same conclusions drawn from the nonlinear regression and AIC. However,
differences in the fitted mastercurves can be observed in the region of extrapolation i.e. below
10°-103Hz. As shown irFigure54, the same mastercurves are extrapolated using the four
and six parameters model (symmetrical sigmoidal functions) for any of the mixes. However,
a different mastercurve is extrapolated when usingiéimsymmetrical Logistic function. In
this region and for every mix, extrapolated |E*| values are always higher for the case of the
five parameters model as compared to that of the two other models. It is also notable that the
five parameters model givésr the four mixesnastercurvethatconverge to the same point
at verylow reduced frequency which is not the case when using the symmetrical fitting
models. Thus, the five parameters modeljaes a good fit in the region which the data
are availablerbm testing. However, this modelnot be accurate in the extrapolation region
where it eliminates the differences between the mimash implies that it will badly affect
performance predictions when used to assess the rutting resistance of asphetlt caxes
This implies that the COV of |E*| in the extrapolation region will be lower when fitting the

mastercurve using the 5 parameters model.
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Figure 54. |E*| mastercurves fitted using three models for the UFHMA, M19 -HMA,

The results of quantifying the uncertainty of |E*| mastercurves fitted using the

different models are presentedrigure55 for the four mixes. The aim of this work is to

1.E-04 1.E-02 1.E+00 1.E+02 1.E+04 1.E+06
Reduced Frequency (Hz)

U19-WMA -SonneWarmix, and U25HMA.

determh e whet her selection of t he model

affects

For U19HMA, the mix with the lowest uncertainty not exceeding 0.25 over the entire range

of reduced frequencies, the COV is not affected at any region of the mastdrguhe

model used to fit it whether it is the symmetrical or+sgmmetrical logistic function.

However, this is not the case for the other three nwtesre the COV in |E*| obtained using

the six parameters model exceeds that of |E*| obtained usifmuthgarameters model by

approximately 0.1 over the entire reduced frequency range’ef@fHz i.e. the region in

which the experimental data is available. As showrignre55-a andFigure55-b, the COV

in |E*| obtained using both forms of the symmetrical sigmoid (4 parameters and 6 parameter

model) converge in the region of extrapolation (for reduced frequencies less fiz).10

On the other side, the COV of |E*téid using the nonsymmetrical model (5

parameter model) is the same at that by the 4 parameters model of reduced frequency larger

than 10° Hz for M19HMA, U19-WMA -SonneWarmix, and M:8IMA mixes. However,

the uncertainty of |E*| fitted using this modesignificantly smaller than that of |E*| fitted

using either of the symmetrical models in the extrapolation region. As stated earlier, this is

expected because the 5 parameters model is forcing all mastercurves to converge at very low

reduced frequencieshts, it can be concluded that the selection of the |E*| mastercurve

fitting model has an effect on the modeled uncertainty of |E*|. This effect depends on the

nature of the model, the region of reduced frequency analyzed, and the type of the mix under
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investigation.In general, it is rather having a methodology with high uncertainty and and an

expected predicted average that is accurate than accepting a methodology with lower

uncertainty but with an inaccurate mean. Therefaltehe analysisn this resesch will

proceed based on |E*| fitted using the four parameters rdaode¢b many reasons of which is

the fact that it provideacceptable results in the extrapolation region andcitrigently the

most widely used model to fit |E*| of asphalt concreteesibeside thait shares common

properties with the two other models whagrantifying the COV of |E*| especially in non

extrapolation regions.
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Figure 55. COV of |E*| mastercurve fitted using three different models for a) UISHMA
and U25HMA, and b) M19-HMA and U19-WMA -SonneWarmix.
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6.4.1.7Effect of Machine Loading and LVDT Data Acquisition on UncertaintjE*|

The roadway towards an accurate characterization of the properties of asphalt
concrete entailawareness to issues relatednachine compliance and the used
instrumentations. It has been reported by previous studies that instrumentation issues in
complex modulus testing can results in errors greater that 10% in measu(&hit| et al.

2009. The measurement of a material property involves the application and measurement of
stress andtrains by which a system applies the load and measures its response. The load is
applied using a loading frame with a pneumatic or hydraulic actuator and measured using
load cell. The deformations are measured using some types of gauges and transdepers w
spring LVDTs mounted on the samples are used for all measurements in this research.
Typically, these instruments functions based on the fundamentals of electromechanical fields
where it can transform mechanical motion into electric signals whichamne¢ad and

converted to appropriate units of load and displaceméeise signals are filtered and
conditioned before being passed to the data acquisition system. The collected stress and strain
data for |E*|s fitted using sinusoidal/haversine functithrat will account for the noise that

might affect the correct amplitudes and phases. Thasontrol and measuremexspects

of the testingplay an important role in achievingeaningful or appropriate resuftem the
dataextractedrom the test.

All these issues are considered and accounted for in the instrumentation, acquisition,
and data fittindor all the tests conducted in this research. However, it is worth determining
whether thequantifieduncertainty in |E*hs petthe previous sections #&fected by
instrumentation or its solely due to the heterogeneity of asphalt condretethat sake and
given that the same load is applied for every combination of temperature and frequency, the
data of all replicates of the four mixes are pooleddtadact this analysis. For every
combination of temperature and frequerfoyty data points are analyzed where eatthem
presents the average load calculatsithg the last five cycles of each testing sweep. The
COVs of theactual appliedoadarepresated as function of the magnitude of taegeted
load as shown irigure56. The COV of load presents the variability in applied load from
one sample to another and it could also represent the variability entailed by choosing a
different bunch of cycles of a given sweep to conduct the analysis required to calculate |E*|.
The COVof the load applied by the machine is very small and not exceeding a maximum of
0.03. This indicates that the variability implied by the ability of themmree to apply a given
target load is very low and has a minimal effect on the uncertainty of |E*|.

By further analysis of the results, it can be observed that for each temperature, the
COV ofthe appliedoad follows a clear trend where it decreasesi@drequency/load
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becomes smaller. At given temperature, the applied load required to get the required strain

level (less than 75 micrstrains) increases as the frequency becomes l&gen. though the

COV is very low;however the variability in theapplied load exists and varies systematically.

As the frequency increasat each temperature, the COV of the load increases. Also,

as the temperature increases for a given frequency, it can be observed in general that the

COV of the load increases as wéb, the variability in the applied load increases as the

temperature becomes higher and/or as the loading rate becomes fastaright bemainly

due toerrors related to noise, signal conditioning, and filtering whose error typically
increases as tHead rate becomes faster. In addition, the COV is higher at low magnitudes

of load where as tha ration of applied load to capacity decreases, it is harder to control the

| oad as it becomes small compared

t o

t he

Further, the error is influenced kye tuning ofproportional, integral and derivative (PID)

controllerused to optimize the system response and its feedback compensator
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Figure 56. COV of applied load at different frequencies ad temperature of E* testing.

16

Fewfactors were assumed tdedt the uncertainty in |E*however, the presented

results show that they have no effddtese include:

1 The applied number of cycles becomes smaller as the frequency decreases as

presented iMablell This is done to avoid any damage in the samples being tested

where the stiffness of asphalt becomes lower as slower loading rates. So, the smaller

number of cycles at smaller frequencies might not influence reachingaqm

which could be a source of uncertainty in |E*|.

1 For all complex modulus tests in this thesis, the data logging rate is fixed to 50 points

ma C

per cycles regardless of the frequency. This, the number of point per second decreases

as the frequency bec@s smaller. Even though less points per second are used to fit
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the data for low frequencies, the data logging rate has no effect the uncertainty in the
loadand thus |E*|So, it is not needed to increase the number of point per cycle being
50 as the freqgncy becomes smaller.
In addition the effect ofdisplacemenineasurement on the uncertainty of |E*| is
studied.This is carried out to check whether there is @yability induced by the
LVDTs, its mounting schemgbasically L-mounted asemblies gled on the specimgn
data acquisitionand fitting to calculate |E*|. This atrbédone based on the data
collected from E* testing of asphalt samples because strain is not an input but a response
to a givemappliedload and thug is a function of thenat er i al 6 s sti ffness.
simple setup has been designed as showigure57. Thissetup constitutesiounting of
the same LVDTs used in E* testing on a hollow steel samples. The LVDTs are mounted
by gluing the same L shaped assemblies on the steel sample to measure the deformation
over a gauge length of 100 n{game gauge length used for asphalt testing in this
research)The sample is chosesa hollow steel sample to ensure that the response strain
will be in range of 70’5 microstrains which is the sarfwe strain levels targeted in E*
testing. The material is selected as steel because it has low variability especially at such
levels of strainThus, it is assumed that any detected variability will e b the
LVDTs, displacementitting, and LVDT6 mounting system and especially detecting if
theglue is affected by the loading rate and temperature. To achieve this goal, the same
testing protocol used in E* testing of asphalt concrefeerformed ornhie steel sample
but with a constant load of 22 kN fal combinatiors of temperature and frequency. The
testimplied applying a large number of cycles per sweep beyond that applied in E*
testing of asphalt concrete. For each combination of temperatufeegndncy, the data
of thecycles beyond that applied in E* testing are fitted. The average of every five cycles
are calculated assuring that at least 10 points of average strains are obtained for every

combination of frequency and temperature.
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Figure 57. Hollow steel sample used for chedkg the effect of LVDTs and their
mounting setup on the uncertainty in E* testing

The results of COV of the measurdidplacemenare presented for every
combination of temperature @frequency irFigure58. It is worth mentioning that the
COV ofdisplacement, and namely COV of stragmscattered without a clear trend with
respect to temperature and frequeidye COV of strain is very low and falls in the
range of 1.5E3 to 4.8E3 and thus it can be concluded that neither the LVDTSs nor its
mounting system (i.e. basically gluejluencethe uncertainty in |Epr other measured
propertieof asphalt concreté&ven though the COV is very low and there isaot
striking trend that could be observed. However, if one wants to dig deeper in the obtained
results, it can be observed that generally a higher COV is obtaidsf€Caf his could be
mainly due to the possibility of frost &8°C which might cause moredtion hindering
the movement of the spring inside the LVDT. Such an effect will be more dominant at
slow rates except for 10 Hz where other types of errors might have taken place.
Therefore, it can be concluded that the modeled uncertainty in |Ef¢lg mdated to the
heterogenous composition of asphalt concrete. The uncertainty in |E*| is not affected by the
instrumentation nor machine used for testing. This assures that current practices for
conducting E* does not require any modification to redbeauncertainty in |E*|. It is worth
noting that all the analysis in this research is based on thrggemmmen mounted LVDTSs.
This issue could be addressed in future studied to check whether the use of four LVDTs

instead of three affect the results asgecially the uncertainty in |E*|.
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Figure 58. COV of measureddisplacementusing onspecimen mounted LVDTSs for a
hollow steel sample.

6.4.2 Inherent Uncertainty in E(t) and D(t)

6.4.2.10 (w), E(t), D(t) Daa
In this part, the same experimental data used for quantifying the uncertainty in |E*| is

utilized for quantifying that if%6(w), E(t), and D(t). The quantified uncertainty for |E*| can
be propagated into that of the other LME¢tions as a function of reduced time or
frequency; however, it is required to present E(t) and D(t) in a probabilistic form i.e. in terms
of its Prony series coefficients to be incorporated into convolution integrals to propagate it
into the prediction®y VECD model. The Prony series of E(t) and D(t) are fitted for each
replicate and the uncertainty is quantified in terms of that of each of the Prony coefficients.
The conversion of the experimental E* data to E(t) is done thréa(gh) and not |E*| alone
so that it incorporates both the |E*| and the phase angle components. To study the variability
imposed by the phase angle on the different used LVE functioménherent uncertainty in
%(w) is investigated%(w) is catulated and fitted for each replicate using $tendard
sigmoidal functiorwith four parameters as used for |E*| amdsated inEquation88.

Iieco 9 ——— Equation 88

where;

%(w): storage modulus (MPa)

a u, b, and o9: fitting parameters

0 : Reduced angular frequency (rad)saica reference temperatufe= 25°C
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%(w) is required for the conversion into E(t) uslmgth the Approximate method and
Exact method as presented earlier. However, D(t) is determined through E(t) that is obtained

using the Approximate method. For each replicate, E(t) and D(t) are fitted in the rande of 10

to 10'® seconds using Prony serigith 18 coefficients as expressed Eguation16

andEquationl9, respectivelyThe relaxation and retardation times have been assumed

deterministic withfixed values. Howeer, the regression coefficierd§ E(t) and D(t) are

determined by collocation for certain points of time for the data of each furibtiomet al.

2007). These coefficients vary from one sample to another of the same mix due to the

inherent uncertainty that is present in these material properties. Thernesdged inFigure

59 andFigure60 showthe scatter of each of these functions around its mean where high

variability between the replicates of each mix can be observedjatrkieduced times. For
both E(t) and D(t), this variability shows a high magnittatehe U19WMA -SonneWarmix
and the U2EHMA as compared to UXBIMA. This variability needs to be quantified and

modeled to provide a probabilistic Prony representation ¢f eBE(t) and D(t). The

variability could be modeled using probabilistic Prony coefficients that can model the

uncertainty of E(t) and D(t) at any given reduced time.
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Figure 59. Mastercruves of E(t) replicates and averags for a) UL9HMA, b) M19-HMA,
c) ULI9WMA -SonneWarmix, and d) U25HMA.
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Figure 60. Mastercruves of D(t) replicates and averages for a) UIAMA, b) M19-
HMA, c) U19-WMA -SonneWarmix, and d) U25HMA.
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6.4.2.2Probabilistic Model oD, E(t) and D(t)
The inherent variability if©5is modeled probabilistically using the same approach

foll owed for | E*|]in the previous sections th
and U) as EquatieW&®3.e-artaehdreplicate, the parameters of the sigmoidal

function of Gdare determined and the mean and standard deviation of the parameters of each

mix are quantified. In addition, the correlation coefficients for the different piirs o

parameters are calculated to define the structure of the covariance matrix as presented i

Table30. Similar to the case of |E*|, the results show that the correlation coefficients between

the different pairs gbarameters vary in both magnitude and sense from one mix to the
anotherThe same as forthe caseof |B*|,ican be observed that 929 an
positive correlations irrespective of the mix. Also, the coufiliem, ib-20, andib- b are

observed to be negatively correlated for all mixdter quantifying the first and second

moments, the probabilistmodes of the four paramete@refinalized by determining the

probability distributions. Similar to |E*|, the normal distributfmovideda realistic fit of all

the model parameters and thus it has been adopted to thegebbability distributionfo

eachofU, o, .b, and

Table 30. Components of the Mean Vector, Standard Deviation Vector, and Correlation
Matrices For the Fitting Coefficients of E'(w).

Mix UIGHMA M19-HMA  DIFWMA- o tiMA
SonneWarmix

. Mean 4534 4570 4.520 4.569
Std Dev. 0.053 0.045 0.057 0.079
g Mean 2782 2915 -2.609 -2.922
Std Dev. 0.151 0.200 0.278 0.366
5 Mean 0106  0.131 -0.516 -0.011
Std Dev. 0.178 0.182 0.170 0.236
5 Mean 0574  0.469 0.621 0.546
Std Dev. 0.045 0.045 0.063 0.054
-t 1.00 1.00 1.00 1.00
|5 u-U -0.46 0.04 -0.79 -0.63
‘0 U-b -028  -0.06 0.71 0.27
b5 4o -0.43 -0.16 -0.81 -0.58
S 0o 100  1.00 1.00 1.00
5 Ub -0.56 -0.90 -0.86 -0.85
3 Uo 084 0.8 0.90 0.90
L b-b 1.00 1.00 1.00 1.00
3 b- 049 0.2 -0.93 -0.89
2-0 1.00 1.00 1.00 1.00

For each of E(t) and D(t), the inherent variability is modeled probabilistically in terms of
the Prony coefficients (EE, € . 17, an&k) and (O, D2, € D, and ), respectively. The
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mean and standard deviation for eachhefProny coefficients are calculated for each of the
mixes. Also, the correlation coefficients between the different pairs of the Prony coefficients
are determined to define the covariance structure represented by a matrix of 4i@e 18

The mean, standédeviation, and a sample subset of the correlation matrix of the
obtained Prony coefficients of E(t) are presenteBiable31. Almost the COV of all the
coefficients for the four mixes fall in the range of-0.% except for &r for the U25HMA
having a value of 0.72. It varies from one coefficient to the another within the samEnmix.
COVs of each of Prony coefficients, exc&pt, does not show high variability from one mix
to another. In addition, the magitude and sense of the correlation coefficients between the
different pairs of Prony coefficients for E(t) do not show a trend as they vary from one mix to
the otherFor example, theoefficientof correlation between E8 and E2@s59 for the U19
HMA but 0.52 for U25HMA. Someof thepairs are strongly correlated with a magnitude of
0.99which is especially the case for any coefficienad the coefficients preceding and
following it like E.1 and E+1, respectively. Other pairs of coefficiersiie weakly correlated
with coefficients that are very close to zero like the case between E13 and E2 f¢iA9
and U19WMA -SonneWarmix. For the same parameters, the correlation coefficients might
vary from one mix to the other. Thus, the correlation matrithefProny coefficients of E(t)
can be considered a property of the investigated mix and it is required in uncertainty
propagation to describe the relationship existing between those coefficients.

To complete the probabilistic modai the Prony coeffi@nts, thebestfit probability

distribution is checkedsing the Shapird@Vilk Normality Testwith a significance level of
0.05. The results show that for the coefficients of E(t) corresponding to the four investigated
mixes, the normal and lognormal dibtitions provide an acceptable fit. The selection of the
normal or lognormal distribution varies from one coefficient to another and between the
mixes as presented Trable32. In general, it can be observed that the variety of the
coefficients of ULISHMA and M19HMA are best fitted using the lognormal distribution;
whereas, that of UFT&MA -SonneWarmix and U2B6IMA tends more towards being fitted

using the normal distribution.
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Table 31. Mean, standard deviaton, and part of correlation matrix between the Prony
Coefficients of E(t) for the four investigated mixes.

U19-HMA M19-HMA U19-WMA-SonneWarmix U25-HMA
o 5 5 o 5 5 o 5 5 o 5 5
2 |>|gEU|EL| 2 |>|5U|2D| @ |>|gBU|RL| ¥ |>|5U|zd
o} S|les|eg| o Sles|eE| o Sles|es| o S|leg|es
> = § = § > = § = § > = § = § > = § = §
< 87187 ¢ 87187 % 87187 < 8§°|8
E1| 1623.9|0.38 1.000| 0.996/2355.40.22| 1.000| 0.966/1685.90.42| 1.000| 0.995|2097.10.37| 1.000| 0.990

E2| 2528.5|0.31) 0.996| 1.000{3210.40.18| 0.966| 1.000{2699.60.32( 0.995| 1.000(3059.00.30| 0.990| 1.000

E3| 3837.1|0.24| 0.973| 0.990[{4277.00.16| 0.835| 0.949|4174.90.22] 0.965| 0.986|4367.80.23) 0.943| 0.980

E4| 5280.7|0.16| 0.880| 0.918]5202.40.14{ 0.598| 0.784(5736.1/0.12| 0.804| 0.856|5684.00.18 0.804( 0.877

E5| 6202.4|0.11 0.507| 0.573|5549.50.13| 0.321| 0.549(6436.50.08/ 0.076| 0.161{6383.70.14| 0.535( 0.639

E6| 5729.9|0.10/-0.254-0.19§4958.60.12| 0.052| 0.271{5306.60.10{-0.514-0.4545765.30.11| 0.301| 0.404

E7| 3880.3|0.12-0.632-0.628 3589.7/0.13|-0.156-0.050 3026.1/0.12(-0.511)-0.477 3953.1{0.09| 0.395| 0.434

E8| 1918.0|0.17|-0.545-0.58§2104.7/0.19(-0.185-0.2111263.30.13/-0.242-0.228 2054.30.13| 0.578( 0.517

E9| 757.1 |0.22-0.355-0.4171040.10.28/-0.151/-0.238 455.2|0.15(-0.007-0.009 866.6(0.21] 0.597| 0.510

E1Q 276.2 |0.24/-0.193-0.263 463.4|0.34(-0.120-0.231 166.6/0.17| 0.063| 0.053( 330.6|0.26| 0.591| 0.499

E11 105.2 |0.23-0.050-0.124 200.3|0.37|-0.095-0.214 66.9 |0.18| 0.050| 0.036( 126.2|0.26| 0.567| 0.477

E12 44.1 |0.22 0.080| 0.005| 89.0 |0.36/-0.074-0.192 29.6 |0.19| 0.050| 0.034( 51.5 |0.23] 0.510| 0.428

E13 20.4 |0.22 0.199|0.126| 42.1 |0.34/-0.057-0.169 14.1 |0.19| 0.109| 0.092 23.0 |0.20| 0.419| 0.353

E14 10.1 |0.22 0.305|0.234| 21.2 |0.32]-0.042-0.14 7.1 |0.20] 0.225| 0.207 11.1 |0.19] 0.330| 0.282

E1§ 5.5 |0.24 0.422|0.353| 12.0 |0.31/-0.013-0.112 3.8 [0.22/ 0.420| 0.400| 6.0 |0.20/ 0.323| 0.285

Elq 2.2 |0.23 0.384|0.316] 4.5 |0.30/-0.072-0.14q 1.5 |0.21{ 0.364|0.346[ 2.3 |0.19/0.149|0.131

E17 4.2 |0.35 0.648|0.586| 11.4 |0.32 0.126|-0.004 2.6 |0.34]0.818|0.791f 4.9 |0.28/0.571|0.516

Einff 54.9 |0.28/-0.568-0.539 44.4 [0.46/|-0.296-0.059 88.6 [0.48/-0.777]-0.779 43.2 |0.72-0.706-0.617

Table 32. Distribution of the Prony Coefficients of E(t) for the four investigated mixes.

E1/E2/ E13/E14/ .

E3 E4 | E5| E6 | E7 E8 E9 | E10 | E11 | E12 E15/E16 E17 | Einf
U19-HMA LN N N LN N LN LN LN LN LN LN LN N
M19-HMA LN LN LN LN LN LN LN LN LN LN LN LN LN
U19-WMA -
SonneWar LN N N N N N N N N N N N LN

mix
U25-HMA N N N N N N LN LN LN LN N LN N
N=Normal, LN=LogNormal

Similar to tre case of E(t), the same exercise is required for the Prony coefficients of
D(t). The mean, standard deviation, and the 18x18 correlation matrix are determined for the
coefficients of every mix as presentedliable33. It can be observed that the COVs of each
of the coefficients is close for the different mixes. For example, the COV of D6 is 0.15, 0.13,
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0.14, and 0.14 for the UIIMA, the M19HMA, the U13WMA-SonneWarmix, and the
U25-HMA mix, respectively. This p&trn is only violated for the case oflB, D15, and D17
of the U19WMA -SonneWarmix. For the correlation coefficients, some paris have a very
strong correlation with a coefficient of 0.99 while others have no correlation with a
coefficient around zero. Threagnitude and sense of the correlation coefficients vary
depending on both the investigated coefficient and the mix. A pattern of variation between
one mix and the other can be observed for some coefficients but not all of them. For example,
the correlatio coefficient between D1 and D3 isdar than 0.9 for the four mixgthe
correlation between D1 and D4 is around 0.8 for all mixes exceptHd2& being 0.5.

In addition, the ShapirdVilk Normality Test is conducted to determine the
probability distribdion that best fit each of the Prony coefficients of D(t). By determining the
distribution, the probabilistic model of each of the Prony coefficients is being completely
developed which allows the propagation of the uncertainty of each of these coafiitient
that of D(t) as a function of reduced time. Similar to E(t) and for all mixes, the normal and
lognormal distributions arund to fit the distribution of these coefficients as presented in
Table34. For any of the coeffieints, either of the distributions can be used depending to the
data of each mix. Thus, it cannot be concluded to assign one distribution to a certain

coefficient regardless of the mix type.
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Table 33. Mean, standard deviation, andpart of correlation matrix between the Prony
Coefficients of D(t) for the four investigated mixes.

U19-HMA

M19-HMA

U19-WMA-SonneWarmix

U25-HMA

Average
CoVv

Correlation
with D1

Correlation
with D2

Average

cov

Correlation
with D1
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with D2

Average

Ccov
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with D1
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6.1E-0¢

0.14

0.84

0.85
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0.49
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1.9E-04

0.11

0.71

0.72

2.2E-0§ 0.15

0.89

0.89

1.7E-09

0.09

0.48

0.50

D6|4.2E-05 0.15

0.74

0.76

3.9E-0%

0.13

0.09

0.11

5.9E-0§ 0.14

0.72

0.73

4.0E-0%

0.14

-0.36

-0.34

D7(1.8E-0% 0.54

0.87

0.89

3.0E-0%

0.14

0.81

0.83

3.8E-0§ 0.25

0.62

0.63

1.9E-09

0.22

0.60

0.62

D8|2.2E-04 0.19

0.38

0.40

1.7E-04

1 0.19

-0.23

-0.21

3.6E-04 0.16

0.19

0.20

2.0E-04

}

0.20

-0.59

-0.56

D9|4.6E-04 0.17

0.33

0.34

3.3E-04

1 0.19

-0.19

-0.18

6.5E-04 0.17

0.40

0.40

4.2E-04

}

0.16

-0.39

-0.37

D1(Q1.6E-03 0.26

-0.11

-0.09

8.2E-04

1 0.32

-0.42

-0.40

2.4E-03 0.24

0.12

0.12

1.2E-03

0.32

-0.67

-0.65

D111.8E-03 0.14

0.53

0.52

1.3E-03

0.16

0.13

0.14

1.5E-03 0.44

0.86

0.85

1.7E-03

0.20

0.50

0.51

D146.0E-03 0.18

0.39

0.38

3.9E-03

0.20

0.06

0.07

4.8E-03 0.48

0.77

0.76

6.5E-03

0.38

0.53

0.53

D131.2E-03 0.72

0.66

0.64

2.5E-03

0.44

0.85

0.85

1.5E-04 6.91

0.80

0.79

3.7E-03

0.98

0.74

0.73

D143.9E-03 0.25

0.60

0.58

4.1E-03

0.32

0.84

0.84

2.7E-03 0.64

0.79

0.78

6.9E-03

0.73

0.67

0.67

D131.2E-03 0.86

0.70

0.68

4.4E-03

0.71

0.86

0.85

9.2E-0§ 11.28

0.76

0.76

6.7E-03

121

0.71

0.69

D1g1.5E-03 0.23

0.66

0.64

2.2E-03

0.59

0.89

0.89

1.2E-03 0.59

0.79

0.78

5.0E-03

1.40

0.41

0.41

D1714.6E-04 1.18

0.73

0.71

3.1E-03

0.87

0.87

0.87

-5.4E-0% -9.54

0.75

0.74

3.9E-03

1.52

0.63

0.60

Do [3.1E-0% 0.10

-0.03

-0.06

3.0E-05%

0.10

0.48

0.47

3.2E-0§ 0.11

-0.45

-0.44

2.9E-0§

0.16

-0.14

-0.17

Table 34. Distribution of the Prony Coefficients ofD(t) for the four investigated mixes.

D1/
D2

D3

D4

D5/
D7

D6

D8

D9

D10/
D12

D11

D13

D14/
Do

D15

D16/
D17

U19-HMA

LN

N

N

LN

N

N

LN

LN

LN

N

LN

N

N

M19-HMA

LN

LN

LN

LN

LN

LN

LN

LN

LN

LN

LN

LN

LN

U19-WMA -
SonneWarmix

LN

LN

LN

LN

LN

LN

LN

N

LN

LN

LN

N

U25-HMA

N

N

N

LN

N

N

LN

LN

LN

LN

N

LN

N= Normal and LN= LNormal

6.4.2.3Modeling of Uncertainty inO, E(t) and D(t)

The probabilistic model describing the uncertainty in the coefficients of the Prony

series function allows for the quantification of the inherent variability in E(t) and D(t) for

each mix. First Order Approximations aklibnte Carlo Simulations with 500,000

realizations of each of the Prony coefficients are conducted to provide realistic estimates of
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the mean and COV of each of E(t) and D(t) at any reduced time in the rang&tof1P sec
using the relationships preged inTable35.
Table 35. Relationships for First Order Approximation of E(t) and D(t).
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6.4.2.4Uncertainty inO (w)
For the case d¥, the inherent variability is quantified in terms of the four parameters

of the sigmoidal functionThe uncertainty 0% for all mixes, which is presented by the
COV, increases as theduced angular frequency decreasepresented iRigure61 for both
Monte Carlo simulations and First Order Approximatidiime COV curves obtained for each
mix using both Monte Carlo and First Approximation are close to eaeh with a
difference obtained only for U2ZEMA at low reduced angular frequencies i.e. mix and
region with the highest COV. Therefore, First Order Approximation can be relied on in this
case ¢ quantify the uncertainty i% unlike the case of |E*| where a large difference exists
when compared with COV calculated by Monte Carlo especially in the region of
extrapolation.

In general,tiis observed that the COV &6 is constant for reduced angular
frequencies largehtin 1000 rad/sec regardless of the type of the mix. As the reduced angular
frequency decreases, the COWoincreases slightly before it becomes steeper at low values
of reduced angular frequency and especially in the region of extrapolation. Foededu
angular frequencies smaller than fatl/sec, the uncertainty &6 increases where Monte
Carlo simulations yield COVs of 0.22, 0.28, 0.51, 0.63 &tra@/sec for the ULBIMA,
M19-HMA, U19-WMA -Sonnewarmix, and U2BIMA, respectively. Therefore, is
expected to have higher effect of the uncertainty on the predicted performance when using
% especially at slow loading rates and/or high temperatures and it becomes more significant

when using modified binders or a larger NMAS.
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Figure 61. COV of storage modulusmastercurve as a functionof reduced angular
frequency for the four mixes.

By recalling the definition o%, it is calculated as the product of |[E*| and cosine of
thephase anglat any reduced angular fregpcy.For comparison, the COV of |[E*| is
presented as a function of reduced angular frequerfeigure62. For each mix, it cahe
observed that the COV dfo| follows the same trend as that of |E*| in terfigsovariation
with respect to the reduced angular frequency. In additienquantified uncertainty 86 is
slightly lower than that of |E*| over the entire domain of angular frequency for each of the
four mixes.This reduction in COV is about 0.@rfthe M19HMA, U25-HMA, and U19
WMA -Sonnewarmix and only 0.05 for U8MA which has the lowest COV over the entire

domainof its mastercurve between 0.1 and 0.2.
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Figure 62. COV of |E*| mastercurve as a function of reduced angar frequency for the
four mixes.
The uncertainty ir% accounts for both the variability in |E*| apthase angleg;

however, the results show that the uncertain®iis slightly lower tharthat in |E*|indicating

that g does not play a significant rolenmposing morevariability in %. the varidility of the

phase angle and its cosine over the range of experimental data is sheigur@63 for the
M19-HMA considered herein for illustration. It can be observed that the phase angle varies in
the range ob° to 35° with a COWZanging between 0.02 and 0.1. However, the cosine of the
phase angle as presentedrigure63-b varies between 0.83 and 0.99 with a very @@V not
exceeding 0.03. Thu$p is basically affected by the uncertainty of the cosine of the phase
angle implyinga minimalimpact onthe variability of% which is basically governed hifat

of |E*|.
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Figure 63. (a) Average and COV of phasergle and b) Average and COV of cosine o
phase angle.

6.4.2.5Uncertainty in E(t)
The inherent variability in E(t) is quantified based on the probabilistic models describing

the uncertainty in each of the Prony coefficients. Realistic estimates of the mea@drul

E(t) at specified values of reduced time were determined using the simple First Order
Approximation technique and the more advanced Monte Carlo simulation technique where
500,000 realizations of each of the 18 Prony coefficients were conducted.

Foreach mix, the average E(t) mastercurves that are determined from the Monte Carlo
simulations and thEirst Order Approximation method are found to be identical to the
average mastercurves of the different replicates. These results show that the Resny seri
representation of E(t) is realistic and representative of the mixes in this study. The variation
of the COV of E(t) as a function of reduced time indicates that the First Order Approximation
and the Monte Carlo results yield the same COV irrespectitheeatinge of reduced time.

This observation is important since it indicates that the simple First Order Approximation is
sufficient for quantifying the uncertainty in E(t) without the need for Monte Carlo
simulations which require higher computationabes.

It is interesting to note that the First Ordgaphoximation failed at providing
acceptable results for the case of |E*| @mdarticularly at small reduced frequencies
(equivelant to large reduced times) for mixes having high uncertainty as shéwuia61
andFigure62. This can be attributed to the nlamearity of thesigmoidal function usgfor
representing |E*| ant which renders the First Order Approximation incapable of modeling
the high levels of uncertainty observed and this could be worse for other mixes having higher

uncertainties compared to those investiggl in this research. The mathematical formulation
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leading to E(t) and D(t) seems to have eliminated this complexity resulting in better First
Order Approximations for these two parameters.

It is noted thaCOV of E(t) is also obtained usinigoth the Exaccmethod and
Approximate For all thefour mixes, the results yield agtly the same means and COVs
regardless of the method in which E(t) is obtaindtese resultshowthat the uncertainty of
E(t) is not affected by the method used for interconversion.

In general, it can be observed that the COV of E(t) increases as the reduced time increases
as presented iRigure64. For the four mixes, the relatively small COV at small reduced
times increases rapidly for redattimes above 18sec where it reaches 1% seondsa
maximum falling in the range of 0.Z266 depending on the type of the nibcan be
observed that COV of E(t) for the MEIMA mix is always higher than that of the reference
mix U19-HMA. The COV d E(t) reahesmaxima of 0.22 and 0.26 at 1 sedsand 10°
seondsfor UL3-HMA compared to 0.33 and 0.39 for MHMA. This indicates that the use
of a polymer modified binder increases the uncertainty ingi(€n that these two mixes
have the same agggate gradation, same level of air voids, and a very small difference in
their asphalt contenAlso, by comparinghe COV of U19HMA and U13WMA -
SonneWarmixthe COV of E(t) is the same for the two mixes for reduced times smaller than
10 seonds after which that of UL9WMA -SonneWarmix increases and become much larger
reaching a value of 0.47 at‘48emnds This shows that the addition of wax as a WMA
additive could affect the COV of E(t) at high reduced times i.e. at slow loading rates and/or
high temgrature. For the U25HMA mix, the COV of E(t) is slightly higher than that of the
other mix at very small reduced times in the range & 1@° seconds. For reduced times
between 106 and 16 seconds, the COV of E(t) the samas that of UISHMA wherethe
two mixes have the same type of binder. For larger reduced time, the COV of E(t)-of U25
HMA increases where it becomes larger than of COV of E(t) of all the other mixes. This
indicatesas theNMAS becomes largethe COV of E(t) become higher; slightlat low
reduced times and significantly at large reduced tiffiles.COV of E(t) in the region of 10
andl6seconds might be governed by the binder 6:¢
polymer modified. The effect of laboratory mixed additives on @& ©f E(t) appear to
have an effect at high reduced times.
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Figure 64. COV quantified by using First Order Approximation and Monte Carlo
simulations for E(t) calculated using the Exact method.

When comparing the COV curves oftEwith that of%, it can be observed that it is
equal for both responses at small reduced tifles.behavior bthe COV of E(t) compared
to % differs from one mix to the other as the reduced time becomes larger. In gasdnal
reduced time increases, the COMH(t) starts to deviate from that @ for all mixes expect
the U19HMA which is the mix with the lowest uncertainty over the entire domain of
reduced times analyzed. For the U2MA and U19WMA -SonneWarmix, the CO8/0f |E*|
and% exceed that of §) at reduced times larger than 5 seconds which is the region in which
the NMAS and the WMA additives inasees the uncertainty in |E%, and E(t) as stated
earlier. The dference in COVs of E(t) ant becomes larger with the increase in reduce
time for the U25HMA compared to the UTSVMA-SonneWarmix. However, MIBMA
shows a distinct behar when comparing the COV éb and E(t). The COVs ae the same at
very small and very larger reduced times. The COE () is higher than that &% especially
in the region of 18 and 16 which is the region attributed to in the previous sections to show
the effect of using neat or polymer modified binders on the tainges quantified for |E*|,
%, and E(t).The same pattern can be obsenadall the mixes in the study. It should be
noted that E(t) is converted fro¥a. Thus, the uncertainty of E(t) is expected to be a function

of that of%.

6.4.2.6Uncertainty in D(t)
The inherent variability in D(t) is quantified through the probabilistodais of the

coefficients ofits Prony series representatitor D(t) converted through E(tpimilar to the
case of E(t), the COV i®und to be theameusing both the First Order Approximation and
theMonte Carlo Simulations as presentedrigure65. For each of the mixes in study, the
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mean mastercurgef D(t) calculated by eithesf themethods are identical to that calculated
as the average of thengie replicates for each mikike other LVE functionsthe COV of
D(t) s aimost constant at small reduced times amaciteases with the increase in reduced
time where it reachalatively high values about 0.7 for the URIBAA.

At reduced timesmaller than 10 secondsthe COV of D(t) is the same for all mixes
with NMAS of 19.0 mm and slightly higher for the U2BMA mixes. As the reduced time
increases beyond Geconds, the COV of D(t) increases similarly with the same magnitude
for the four mixes reaching a value of 0.2 at 10 seconds. Te@OV curves deviate from
onemix to the other as the reduced tibecomes largeAt larger reduced times, the COV of
D(t) follows the same pattern as that of the other LVE functions where it reaches the highest
for the U25HMA mix followed by the U1I9WMA-SonneWarmix and then the MEHMA
with the least for the UTBIMA at a COV not exceeding 0.24. By comparing the COV of
D(t) to that of E(t), it can be found out that there is not a significant difference over the entire
range of time domain except for the MHJJA. For the latter mixthe COV of D(t) is
smaller than that of E(t) especially at medium to high reduced times.
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Figure 65. COV of D(t) as a function of reduced time quantified based on First Order
Approximation and Monte Carlo Simulations.

By recallng the method of conversion of E* to E(t) through D(t), it can be found out
that the uncertainty in D(t) is not only a functidrtioat of E(t) butits slopetoo aspresented
in Equation30. The slope of E(t), asrpsented ifFigure66-a, increases as the reduced time
become larger till reaching a maximum after which it decreases as the reduced time becomes
larger. The slope of E(t) reaches a maximum 88 @or all the UL9HMA, U19-WMA -
SonneWarmix, and U2BIMA but a lower value of 0.33 for the MA9MA.. In addition, the
COV of the slope of E(t) decreases from 0013 at a reduced time of #@econds till
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reaching a minimum of 0.05 at 1 second at which it increases wigea stope to reach
maximum values in the range of @3 at high reduced times. It can be noted that COV of

the slope of E(t) is higher for both UFBMA and U19WMA-SonneWarmix is higher than

that of the ULHMA and the M19HMA mixes which is the same patn that can be

observed when comparing the COV of D(t). Thus, the COV of D(t) is a function of both E(t)
and its slope which explains the trend in COV of D(t) at high reduced times. The decrease in
the COV of D(t) for M19HMA at medium magnitudes of reced time might be due to the
higher values of the mean of slope of E(t) accompanied with a slight increase in its COV in

this same region of reduced times.
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Figure 66. a) Slope of E(t) as a function of reduced time and b) CO¥Uf slope of E(t) as a
function of reduced time.

6.4.3 Probability Distribution of LVE Functions

To complete the probabilistic model for the each of the LVE functions of the four
investigated mixes, the probability distribution of each of these functionsassesl at
different reduced times/frequencies. This might not be directly needed for the development of
probabilistic mechanistic models especially that E(t) or D(t) will be used in terms of their
Prony coefficients whose distributions are already detexthidowever, some applications
that could be addressed in future work requires the distribution of such material properties
and not only the mean and standard devia#ansuch, the probability distribution functions
(PDF) are plotted for the Monte Cariesults to present the uncertainty in |E*|, E(t), and D(t)
at different reduced times/frequencies. Sample PDFs are plotted along with the theoretical
normal and lognormal distributions for mixes at different reduced frequencies for |E*| and
different redued times for ) as shown irFigure67 andFigure68, respectivelyMany of
the cases especially for |E*| at high reduced frequencies and E(t) at low reduced times, both
the normal and lognormal distribution perfectly fits the data. However, the normal
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distribution might not be representative of the actual distribution of data especially for cases
of |E*| and E(t) possessing high COVs i.e. at high reduced times/low refegedncies and
especially for the case 0R25-HMA and U19WMA-SonneWarmixThe results show that

the lognormal distribution provides the best fit distribution for the cases of both |E*| and E(t)
at any reduced time/frequency and regardless of the tyipe ofix being analyzed. This has
been further checked out using the Shapititk Normality test for transformed data in the
lognormal scale where the obtainegiglues are larger than 0.05 indicating that log(|JE*|) and

log(E(t)) follow a normal distributin i.e. |E*| and E(t) are lognormally distributed.
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Figure 67. Probability distribution of |E*| for different reduced frequencies at a

reference temperature of 28C for the four mixes U19HMA, M19

SonneWarmix, and U25HMA.
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Figure 68. Probability distribution of E(t) for different reduced times at a reference
temperature of 25°C for the four mixes U13HMA, M19-HMA, U19-WMA -
SonneWarmix, and U25HMA.

For the casef D(t), similar results are obtained as shown by tivalpes obtained by
the ShapireVNilk Normality Tests conducted on D(t) and log(D(t)) at different reduced
frequencies as presentedTiable36. The test is done to check naahty on sample of D(t)
realizations extracted normally from the Monte Carlo Simulations. The results show that for
the case of MI#HMA and U19HMA, which are mixes with lower uncertainty compared to
the two other mixes, both the Normal and Lognormalifistions can be used to fit the
uncertainty in D(t). However, this is applicable for the WB4A and U19WMA -
SonneWarmix especially at low reduced times which is the region where D(t) have almost a
low constant COV. As the reduced time increases, Wedye decreases to below 0.05

especially for the case of fitting the data by the normal distribution. However, in such cases

thepval ue for testing the | ognormal distributd.i

evidence to reject the null hypothearsd thus the data can be fitted using this candidate
solution. Therefore, it can be concluded that the lognormal distribution serves as an
acceptable distribution for fitting the variability in D(t) regardless of the type of the mix

being investigates arttle reduced time at which D(t) needs to be fitted.
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Table 36. p-values from ShapircWilk Normality test for D(t) at different reduced times
at a reference temperature of 25°C.

Reduced Distribution M19- ulg U19WMA - U225
Time HMA HMA SonneWarmix HMA
(second)

0.00001 Normal 0.43 0.72 0.5 0.08
Lognormal 0.14 0.87 0.38 0.7
0.001 Normal 0.95 0.59 0.77 0.13
Lognormal 0.75 0.32 0.97 0.63
0.01 Normal 0.83 0.65 0.91 0.26
i Lognormal 0.78 0.55 0.76 0.91
1 Normal 0.56 0.4 0.37 0.88
Lognormal 0.55 0.49 0.21 0.83

10 Normal 0.61 0.14 0.22 0.0035

Lognormal 0.92 0.68 0.22 0.7543

1000 Normal 0.09 0.43 0.0001 0.002
Lognormal 0.06 0.07 0.92 0.05

Normal 0.41 0.97 0.00003 0.000399

100000 Lognormal 0.23 0.15 0.84 0.13

6.5 Inherent Uncertainty in Damage Characteristic Curve, C vs. S
6.5.1 Introduction

To develop a probabilistic model for the prediction of viscoelastic strains, it is needed to
model and quantify the uncertainties in material properties resulting from both E* and
monotonic tesng. The uncertainties in material properties resulting from E* testing have
been thoroughly covered in the previous sections fructifying probabilistic models for the
required LVE functions: |E*Po, E(t) and D(t) in terms of the fitting parametersath of
them and over the entire range of its mastercurve. To complement this towards a probabilistic
VECD model, it is required to quantify and model the inherent uncertainty in the damage
characteristic curves as presenteéfigure41. Typically, monotonic tests are conducted
which allows for the development of two models to predict damage for any stress input and
thenpredict thepseudatiffness associated with the resulting damagerefore, the aim of
this part of the reseeh is to model the uncertainty associated inntlagerial properties and
modelsrequired to predict the pseudostiffness for a given stress input through the damage
parameterS). This will be handled in a stepwise manner by modeling the uncertainty in C
vs.SandSv s . Lebesgue Norm of Stress (Leb(0)). T
mo d e | the uncertainty i n Scambscoasiddradascabhi on of
intermediate parameter that relates any input stress to C thieenaioof stress over @.e.
pseudostrain) is required for predicting the viscoelastic strain over the time duvinain

modeling the inherent uncertainty in C tse b andSv s . Leb(0), the stres
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deterministicAlso, in modeling the inherent uncertainty in £ 8, the latter is taken
deterministic. It is worth noting that it is sufficient to model the inherent uncertainty directly
j ust f or ;Mweves, the ihherén{udcertainty is modeled fettdr understanding

the problem.

6.5.2 Inherent Uncertainty in Cvs S

For each mixten replicatesre tested using the constant crossheactétee different
rates at 5°C as summarizedTira b2l 1&he rates are selected to be fast enough to ensure that
the behavior is @coelastic without the presence of viscoplasticity. Thus, the data of the
replicates of each mix is pooled regardless of the rate being applied thus the inherent
uncertainty modeled could account for any variability that might be inferred by the testing
rate. Similar tothe case of LVE region, deterministic tintempeature shift factors are used

in shifting any data required in this part of the research.

6.5.2.1C vsS Data

By recalling the C vsS approach, viscoelastic behavior in the absensgsobplasticiy
is characterized bigquation89. Any reduction in the coefficient C, normalized
pseudostiffness, is due to damage and thus it can be viewed as the damage effect. C varies

from 1 for virgin material to O for thease of material in complete failure.

oY

— Equation 89

The variableS, calculated athe Lebesguearm of pseudostrain geresented ifEquation
57, can be viewed asglobal damage paramet@hehab and Kim 200Q5Basically; time,
strain, and stress data from the monotoni
maximum slope of LVE functics) from E* tests are used to calculate both C &aad then
determine their relatieship fitted using an exponential function as presentdgjoyations8.
In addition,since in practice the strain input is unkn@ns related testress through the
Lebesgue norm ddtres which can fitted based on monotonicitegtata as pdequation60.
One of the basic benefits of VECD model is the ability to collapse S msves at
temperatures and rates where only the viscoelastic response is present. Typically, specimen
to-specmen variability is accounted for mprmalizingthe pseudostiffness by thaitial
pseudostiffness | 6 wher e the ratio of pseudostrain
below 500 kPa, is 1.0 as there is no damage in the LVE (&rageel and Kim 2008 In
addition, the calculation of pseudostrain requires E(t) where the average E(t) mastercurve is

normalized based on |E*| fingerprint of each specimed @ monotonic testingDespite
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normalizing and fingerprinting scatter could be found in the C 8urves could show a
scatter where the curves at a given temperature might not overlap completely due to the
inherent uncertainties associated witffrstss and damage behavior of the replicates of a

given mix as presented Figure69.

1 1
09 a) UL9-HMA 09 I b) M19-HMA
0.8 0.8
0.7 t 0.7
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o 05t O 05
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0 20,000 40,000 60,000 80,00C 0 20,000 40,000 60,000 80,00C
S S

Figure 69. C vs. S plots of replicates tested for each of the ten replicates.

It can beobserved that as C drops due to the increase in S, the scatter of C at a given
value of S increases. Similarly, the same can be observed that as C drops and for a given
value of C, the scatter of S increases. For any mix, the variability is minimal ataloes of
S because C has a value of 1.0. The plots show that the magnitude of the scatter is mix
dependent. At C value of 0.5, S varies in the ranges of 130000, 1450409000, 19000
32000, and 155004300 for the UIHMA, M19-HMA, U19-WMA -SonneWarmixand
U25-HMA mixes, respectively. This shows that the JAMIA-SonneWarmix has a higher
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variability as compared to the UH8MA and M13HMA mixes. Also, the U251MA shows
a scatter with larger magnitude as compared to-HW. Thus, the mix components affect
the inherent uncertainty in C vs. S similar to the case of LVE function.
For the calculations d§, the maximum slope of LVE cunydotted as a function of
time in |l ogarithmic scale is required to cal
chaacterizeof thefailure zone at the cracktipher e U is cal cul ated as
maximum slope. As presentedTiable37 for |E*| andshown inFigure66 for E(t), the mean
of the maximum slope is around 0-@315 for the UIHHMA, U19-WMA -SonneWarmix,
and U25HMA and about 0.37 for the MIAMA. By analyzing its uncertainty, the COV of
this slope if in the range for 0.@106 for the four mixes based on data of ten replicates for

each mix. Due to its low inhent uncertainty and for the sake of simplification, the parameter

AiUO0 is taken deterministic in the entire ana
Table 37. Mean and COV of maximum slope of |E*| curve based on 10 tested replicates
for each mix.
Mean Maximum Slope COV of Maximum Slope

U19-HMA | 0.437 | 0.05

M19-HMA 0.369 0.06

U19-WMA -SonneWarmix 0.452 | 0.06

U25HMA 0.428 0.04

6.5.2.2Probabilistic Model of C3)
For each replicate, C ar8iare calculated based data from monotonic test anding a

normalized Efand a detUerfni minst VE @& RoaeachenixdenCeSat i on .

curves will be developed and each will be fitted using the exponential model as presented in
Equation58recalled as the following:

0 oQ

Using this model, the obtained b values has an average falling bethW@E®3 and-
2.0E03 where the normal distribution best fits the data of this parameter. Thus, by simulating
realizations of b it is high probable to get values larger than zero wieicls ywrong and
unrealistic values of b. This, could be solved by using the truncated normal distribution that
will serve as a conditional distribution restricting the domain of normal distribution to be only
in the negative domain. To avoid such complesitit was decided to modify the model in a
way to restrict b to be in the positive domain using the alternative exponential model
presented ifequation90. Using this model, the parameter b is always positive and its
variability is fitted using a lognormal distribution which solves the aforementioned problem.

0% Q Equation 90

The uncertainty in the normalized pseudostiffness C as a function of the damage

parameteis characterized in terms of the fitting paramefard, and cas perfEquation
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90. For each mixthe probabilistic model of each of the parameters is develmped
determining its mearstandard deviation, and probability distribution as present€&dbte

38. Also, the correlation coeffients of the pairs-a, ab, and bbc are calculated to define the
structure of the covariance matrix which is required for uncertainty quantification.

The results show that the parameters a and ¢ have low COVs around 0.03 and 0.1,
respectively. Howevethe parameter b has a higher COV in the range e®J.4For the four
mixes, parameters a and c follow a normal distribution while parameter b is always
lognormally distribution. Moreover, the results of the correlation coefficients show that there
is nota pattern describing the magnitude and sense of correlation between a and the
parameters b and c for the different investigated mixes. Also, there is not a strong correlation
between a and either b or c where it varies betw@&nand 0.5. However, ibo be observed
that the parameter b and ¢ possess a strong negative correlation of magnitudede®éund
regardless of the type of the mix.

It is worth noting that other forms of mathematical equations can be used to fit the C
versus S data as the commhoused fornrd p @'Y and thus the entire work in the
section could be repeated in future works in order to check the effect of the type of model

used on the uncertainty in the predicted C values.

Table 38. Mean, standard deviation, probaility distribution, and correlation
coefficients of parameters fitting the C vsS curves.

. U19-WMA -
Mix U19-HMA M19-HMA SonneWarmix U25-HMA
Mean 1.072 1.066 1.057 1.045
a Std Dev. 0.028 0.022 0.027 0.032
Dist. Normal Normal Normal Normal
Mean 3.74E-03 2.50E03 3.15E03 3.99E03
b Std Dev. 2.53E03 1.39E03 1.27E03 2.25E03
Dist. LogNormal LogNormal LogNormal LogNormal
Mean 0.562 0.603 0.554 0.549
c Std Dev. 0.053 0.054 0.044 0.060
Dist. Normal Normal Normal Normal
5 % a-b 0.535 -0.527 0.293 -0.356
° % a-c -0.529 0.563 -0.130 0.394
38 b-c -0.975 -0.977 -0.945 -0.939

6.5.2.3Modeling of Uncertainty in ()
The parameters a, b, and ¢ describing the relationship betweenSaemndonsidered as

random variables whose uncertgimill be forward propagated to determine the inherent

163



uncertainty in C for any value & Similar to the case of LVE functions, the quantification is
carried out using both First Order Approximation and Monte Carlo Simulations. The former
method providethe mean and standard deviation of C at any val$using the

relationships inrable39.

Table 39. Relationships to conduct First Order Approximation for C vs.S.

v- bl

Xis = a, b,andc

E(Y) = FrEll Hge Wl
Ar 1

Ah_ o el

AR _ T
_f]H_ | skanted
= { fetanied a7

Using Monte Carlo simulation§00,000 realizations of each of the three parameters are
generated yielding 500,000 C %curves. This allow for developing the probabilistic model
of C as a function db. One limitation of the models develop is its applicabilittealues in
the ramge of 325,000 corresponding to a drop in C betwedrahd 0.40.5. This is dueat
availability of experimental data for then replicates of thiour mixesin this rangeas
shown inFigure69.

The mean curvesf C vsS obtained from First Order Approximation and Monte
Carlo are presented Figure70. The results show that Monte Carlo simulations yield the
same average values of C for evBrgs the ones obtained &etaverage of the replicates
from experimental data for the four mixes. However, the mean Eotgve obtained by
First Order Approximation is lower than that of both Monte Carlo and experimental data

with a difference that reaches 10% as C decreases.
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Figure 70. Mean C vsS curves determined by First Order Approximation and Monte
Carlo Simulations.
The variation in the COV of C as a function®is shown inFigure71. In generalit

can be observed that 8sncreases, the COV of C becomes larger. As the level of damage in
asphalt concrete increases, its stiffness becomes lowérteash higher uncertainty that
continues to increas&he COV of C quantified using First Order Apgimation is not the
same as that estimated by Monte Carlo simulations especially for mixes having a higher level
of uncertainty. The COV of C by First Order Approximation is higher than that obtained by

the Monte Carlo simulations with a difference reagl20% at arg of 25,000.

165



0.25

COVofC

o
o [
= o

0.05

0 Il Il Il Il
0 5000 10000 15000 20000 25000

e M19-HMA Monte Carlo
— U19-HMA_Monte Carlo
= J19-WMA-SonneWarmix_Monte Carlo
= U25-HMA_Monte Carlo

M19-HMA_1st Order Approx.
U19-HMA_1sr Order Approx.
U19-WMA-SonneWarmix_1st Order Approx.
U25-HMA_1st Order Approx.

X O ¢ 0O

Figure 71. COV of C as a functionof S determined by First Order Approximation and
Monte Carlo Simulations.
By analyzing the COV of C as function of its mearfrigure72, it is observed that

the First Order Approximation and Mont Carlo simulations give equal COVs. Taking any of
the mixes as an example, it is noted that the plots are doBeréuwes in the range of 0
25,000 but the curve of C from First Ordgsproximation is extended beyond that obtained
by Monte Carlo simulations. This indicates that the difference obtained in the COV of C as a
function of Sis not due to the inability of First Order Approximation to quantify this
uncertainty, but due to theability of this method in properly estimating the mean of C at
differentS values.This issue can be solved by using Taylor series expansion as shown in

Equation75 andEquation76.
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Figure 72. COV of C as a function of its meardetermined by First Order
Approximation and Monte Carlo Simulations.

The COV of C for the four mixes is about 0.05 for C values of 0.95 where it increases
as C drops to 0.45 reaching values in thgeaof 0.120.13 for the UISHMA, M19-HMA,
and U19WMA-SonneWarmix and a higher value of 0.17 for the {BIBBA mix. For values
of C below 0.7, the COV of C for UIIMA, M19-HMA, and U13WMA -SonneWarmix
converges and increases at the same rate. Howevery&ué€s below 0.7, the COV of C
increases at a higher rate yielding values higher than that of the three mixes. This, could
imply that the COV of C is affected by the NMAS of the investigated The. scatter in C as
a function ofS becomes larger as C deases where a sample of 250 realizations from Monte
Carlo simulationss presentedn Figure73. This scatter, presented by the band of C for a
given value ofS, is significantly wider for the case of U2BMA mix as compared to that of
the other three mixes. The scatter of C becomes wider atdlm&s ofS for the ULI9HMA
and U25HMA mixes.
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Figure 73. Simulated C vsS curves by Monte Carlo for a) UL9HMA, b) M19-HMA, c)
U19-WMA -SonneWarmix, and d) U25HMA.

6.5.3 Damage as a function of Stress

The uncertainty irs as a function of the Lebesgue norm of stisgpiantified and
modeled using the same framework and methodology followed for the other material
characteristics as shown earlietthis research. Thencertaintyof Sis modeled for

deterministic values of Lebesgue norm of stress referring to deterministic stress input.

6.5.3.1Svs Stress Data
Based on the data of monotonic testing of the replicates of eacls migalculated ae

Lebesgue norm of pseudostrain as showadgunation57. Inputs fromthe LVE

characterization required for the calculations of pseudostraifs arel considered
deterministic as stated earlier. For each mix3ke. Lebasque nm of stress are plotted per
replica n Figure74. It can be shown that the plots of the replicates per mix show a scatter
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whose magnitude becomes larger with the increaSdan increase in Lebesgue norm of
stress).The M13HMA mix shows the lower scatter as compared to the other three mixes.
Similar to the case of C vS.curves, the analysis in this section is limited to Lebesgue
norm of stress with values falling in the range €fZ2)000 which corresponds $of
maximum around 25,000 for the four mixes. For each replicat& tkeLebesgue norm of
stress is fitted using a series of exponential laws as sholauiation91.
3, 3K B & Equation 91

The number of exponential laws used in this analysis is reduced to three to simplify the
probabilistic analysis having six fitting parameters as randorahlas instead of ten.
Therefore, the inherent uncertainty in the six fitting parameters (al, b1, a2, b2, a3, and b3) is

forward propagated to model the inherent uncertaing in
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Figure 74. Svs. Lebesgue norm of stresfor replicated of the four mixes a) UL9HMA,
b) M19-HMA, ¢) U19-WMA -SonneWarmix, and d) U25HMA.
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6.5.3.2Probabilistic Model o vs. Lebesgue Norm of Stress
For each of the mixes, the probabilistic model of the parameters of each mix is developed

as presenteith Table40. The mean, standard deviation, and probability distribution for each

of these parameters is determined. For the four mixes, the six parameters are found to be well
fitted and presented using the normiribution. The covariance matrix presenting the

parameters al, b1, a2, b2, a3, and b3 is complemented by determining the correlation
coefficients of the different pairanyder t hese
trendin terms of boththe sense and magnitude when comparing the different pairs of the
coefficients and between one mix andtheottfen r e x amp | ea 3 0t hheaspaa r fa
correlation of 0 andl.0 for UI9HMA and U13WMA -Sonnewarmix, respectivelgome

pairs of the six paranters have a negligible correlation while others are strongly correlated

in both senses with magnitudefs0.96 and0.99.Thus, it can be concluded that the

probabilistic model of the fitting paramesds a property of each investigated mix and not

universal for all mixes.
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Table 40. Mean, standard deviation, distribution, and correlation coefficients of the
parameters fitting Svs. Lebesgue norm of stress for the four mixes.

Mix U19-HMA M19-HMA UISWMA- | o5 Hva
SonneWarmix
Mean -2271.9 -2304.4 19213.9 -1219.4
al Std Dev. 328.0 306.1 2740.8 133.4
Dist. Normal Normal Normal Normal
Mean 1.89E04 2.40E04 7.38E05 2.43E04
b1l Std Dev. 1.92E05 2.49E05 1.11E05 1.84E05
Dist. Normal Normal Normal Normal
Mean 12646.01 12144.52 -1.71E02 10710.41
a2 Std Dev. 832.64 680.46 3.82E06 2419.82
Dist. Normal Normal Normal Normal
Mean 1.27E04 1.59E04 -4.28E03 1.47E04
b2 Std Dev. 8.02E06 1.34E05 8.75E07 1.25E05
Dist. Normal Normal Normal Normal
Mean -10383.6 -9864.2 -19264.6 -9560.4
a3 Std Dev. 779.7 660.7 2754.7 2458.2
Dist. Normal Normal Normal Normal
Mean 1.65E05 3.73E05 -2.09E06 -4.04E07
b3 Std Dev. 6.92E06 1.52E05 1.90E05 2.03E05
Dist. Normal Normal Normal Normal
al-bl 0.082 0.717 -0.728 0.326
al-b2 0.072 0.550 0.128 0.100
al-b3 -0.217 0.399 0.474 -0.423
= al-a2 -0.397 -0.384 -0.224 0.091
_g al-a3 -0.001 -0.024 -1.000 -0.159
= a2-bi 0.604 -0.473 0.388 0.014
§ a2-b2 0.522 -0.546 -0.979 -0.691
< a2-b3 0.487 -0.513 -0.189 0.507
b= az2-a3 -0.917 -0.912 0.212 -0.997
Té as3-bl -0.698 0.205 0.719 -0.039
8 as3-b2 -0.607 0.358 -0.115 0.676
a3-b3 -0.440 0.385 -0.483 -0.465
b1-b2 0.937 0.963 -0.381 0.657
b1-b3 0.780 0.868 -0.032 -0.129
b2-b3 0.770 0.888 0.035 -0.573

6.5.3.3Modeling of Uncertainty irs(0)
The uncertainty in the fitting parametersSis forward propagated to model the inherent

uncertainty inS as a function of Lebesgue norm of stress. Both First Gxdproximation
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and Monte Carlo with 500,@0realizations are utilized for thatirpose.The relationships

required for First Order Approximation are presente@iahle41.

Table 41. Relationships required for First Order Approxim ation of Svs. Lebesgue

Norm of Stress.
Y= S(Leb(d)) =B +gg" 1
Xis = al, b1, a2, b2, a3, and b3
E(Y) = E©)=B * &
n_
T A
i=1,2,and 3

%: 08 34 &

i=1, 2 and 3

Both the First Order Approximation and the Monte Carlo simulations give Biean
curves that are very close as showrkigure75. There is only a slight difference that exists
between the meacurves of both methods for the UBBAA at high values of. The curves

to that calculated as the average of the replicates from experimental testing.
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Figure 75. Mean S curves obtained using First Order Approximation and Morte Carlo
simulations.

X B> 0O o

The variation in the COV df as a function of the Lebesgue norm of stress is
presented ifrigure76. Both First Order Approximation and Monte Carlo simulations give
close values. This inditas that First Order Approximation can be usedSfor case it is not
needed to determine the probability distributiorsoT he results show that the COV $is
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almost constant and independent on the increase of Lebesgue norm of stress. Th&COV of
increases from 0.1 to around 0.15 with the increase in Lebesgue norm of stress between 1,000
and 12,500 for the UtBIMA and M13HMA mixes. However, the COV d varries around

0.2 and 0.25 for Lebesgue norm of stress between 1,000 and 12,500 for tA&MAL-9
SonneWarmix and U2BEIMA, respectively. This indicates that the inherent uncertaing in

is independent on Lebesgue norm of stress. Some factors that appears to affect the
uncertainty are NMAS and WMA additives because the-HRBA has the highest COV and

the COV ofS for U19WMA -SonneWarmix is higher than that of the other miXé® fact

thatS has a low and constant COV as a function of the Lebesgue norm of stress, then

variability of C might not be highly affected as a function of the Lebesgue nornesé str
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Figure 76. COV of Sas a function of Lebesgue norm of stress calculated using First
Order Approximation and Monte Carlo simulations.

6.5.4 Cas a Runction of Lebesgue Norm o§tress

The fitting models of both C v& andSvs. Lebesgue norm of stress are aggregated
together to model directly the uncertaintySds a function of Lebesgue norm of stress. For
each replicate, the uncertainty in C is modeled as a function of the uncertainty in (a, b, c, al,
bl, a2, b2, a3, arak) asshown inEquation92.

& (g0 88 8 GEn 8 8 8 8
Equation 92
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6.5.4.1Probabilistic Model of C(stress)

The probabilistic model of each of the parameters is the same as determined

independently and the previous sections and presenfeabla38 andTable40. The

covariance ratrix of these parameters is a 9 by 9 matrix and it is complemented by

determining the correlation coefficients of the pairs of the parameters of the two models as

presented iTable42. Similar to the case of C vS.andSvs. Lebesgue norm of stress there

i snét a specific

different pairs of coefficients and from one mix to another.

pattern i

n

t he

magni tude

Table 42. Correlation coefficients of fitting parameters of C vsSand Svs. Lebesgue

norm of stress.

al bl a2 b2 a3 b3
< a -0.055 | -0.172 | -0.279 0.084 0.322 | -0.044
% b -0.209 | 0.232 0.498 0.387 | -0.455 | 0.096
S c 0.085 | -0.240 | -0.473 | -0.411 | 0.481 | -0.036
< a -0.219 | -0.086 | -0.362 | -0.073 | 0.505 0.267
0%.) b -0.381 | -0.670 | 0.785 | -0.700 | -0.692 | -0.822
§ c 0.400 0.633 | -0.760 | 0.653 0.658 0.795
<§;: 'g a 0.248 0.196 0.323 | -0.438 | -0.263 | 0.632
i %C) b | -0.011 | 0.057 | -0.029 | -0.011 | 0.006 | 0.324
S &C’) c 0.137 | -0.021 | -0.025 0.038 | -0.135 | -0.129
< a -0.349 | -0.353 | -0.691 0.274 0.712 | -0.217
% b 0.495 0.015 0.348 | -0.265 | -0.391 | -0.345
g c -0.577 0.080 | -0.436 0.338 0.481 0.396

6.5.4.2Modeling of Uncertainty in Q{eb(stress)

The uncertainty in C as a function of the Lebesgue norm of stress is modeled wimil

that of the previous properties. First order Approximation is conducted as per the relationship

presented imable43. In addition, 500,000 realizations off@ designated values of

Lebesgue norm of strease simulated using Monte Carlo simulations.

Similar to the results of the previous sections, the quantified uncertainty in C is almost

the same as a function of both Lebesgue norm of stress and S. The same magnitude, trend in

sorting of the mixes, and d#rence between Monte Carlo simulations and First Order

approximations are obtained for given values of Lebesgue norm of stress and S correspond to
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these designated values. This indicates that the uncertainty in S at a given value of Lebesgue
norm of stres has a minimal effect on the uncertainty in C. Therefore, it is valid to model the
uncertainty in C directly as a function of the Lebesgue norm of stress.

The mean curve of C vs. Lebesgue norm of stress obtained by Monte Carlo
simulations is similar tthat obtained as the average of the replicates of experimental data.
As shown inFigure77, the mean of C is underestimated using the First Order Approximation
where this could be solved by considering the meamat& resulting from Taylor expansion
as shown irEquation76. Similar to the case of C vs S, the inherent uncertainty in C
increases as the Lebesgue norm of stress becomes larger for the four investigatesl mixes a
presented ifrigure78. As the Lebesgue norm of stress increases, C drops from an initial

value of 1.0 where this will be associated with an increase in the uncertainty in C.

Table 43. Relationships requred for First Order Approximation of C vs . Lebesgue
norm of stress.
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Figure 77. Mean of C vs. Lebesgue Norm obtress evaluated by the First Order
Approximation and Monte Carlo Simulation for the four mixes.
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By plotting the uncertainty of C as function of the mean of C, Monte Carlo and First
Order Approximation yield similar results. Thus, the difference in results of First Order
Approximation and Monte Carlo simulations as showRigure78is mainly due to the
shortening of First Order Approximation in estimating the mean of C which can be resolved
as stated. Therefore, the simple First Order Approximation is a valid tool that can be used to
guantify the uncedinty in C. As C drops from 1 to 0.4, its uncertainty increases from O to a
value in the range of 0:0.15 for the four investigated mixes. Whether comparing the COV
of C as a function of either mean C or Lebesgue norm of stress, it can be obserned that
U25-HMA possess a higher curve as that of the reference mixHMA. The mixes U19
WMA-SonneWarmix and ME8IMA have the same COV as that of UHMA for Lebesgue
norm of stress valuag t08,000. Beyad that point the uncertainty of C for those two @six
exceed that of UEIMA. This indicates that components of the asphalt mix influence the
uncertanty in predicted C similar tche case of LVE functions but at different magnitudes.

The low values in the uncertainty in C might indicate the strengtred® thsS approach and

its methodology in properly presented the damage characteristics of asphalt concrete mixes
and accounting for uncertainties that it might possess. Even though, the magnitude of the
COV of Cis low (below 0.15 for a reduction of C frdn® to 0.4), the significance of this
uncertainty should be checked through forward propagating it to predict the strain response
for a given stress profile and temperatures as to be presented in the following sections.
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CHAPTER 7
PREDICTIONOF PROBABILISTIC VISCOELASTIC STRAINS

7.1 Propagation Methodology

As presented earlier and extensively in this dissertation, the uncertainties of the
different components of the VECD model are characterized and quantified. This work
yielded a probabilistic nael for eab of the LVE functions (|[E*6, E(t), and D(t)) and a
probabilistic damage characteristic curve (ultimately C as a function of stress). The
uncertainties of all these components are forward propagated to predict a probabilistic
viscoelastic strain for any stress input profile andrgttemperature. Thus, a probabilistic
viscoelastic continuum damage modeMPBCD) is developed where it requirdse
probabilisticmodels for each of D(t), C vs. S, and S vs. Lebesgue norm of stress. These
properties are aggregated through the convalutitegral to predict the viscoelastic strains.
The nature of the convolution integral implies that a very high computational effort is
requiredto simulatealarge number of realizatiortd the predicted viscoelastic strains for a
given stress profile a given temperature and at any time. Therefore, 500 realizations of
each of D(t), Cvs S, and S vs Lebesgue Norm of stress are selected randomly from the Monte
Carlo simulations of each of these functions These realizations are mapped randomly to
simulate500 realizations of viscoelastic strains for any given stress profilecomputations
required for the predictions of the\EECD are carried out using an algoritlmmded in R

Studio and presented in the Appendix of this dissertation.

7.2 Input Data: Stress History and Material Properties

The magnitude of the viscoelastic strains to be predicted is a function of the stress (or
loading) input and temperature. The stress input could be of any form including monotonic
loading at any rate, cyclio&ding with different frequencies, random loading regimes with
different forms of loading modes, magnitudes, rates, resting periods, and number of cycles. In
this dissertation and for illustrating purposes, the stress profile is selectedfta t@mp
form similar to the response tife specimens tested in the constant crosshead rate tests and
used for the development of the VEPCD model at earlier stages. For this purpose, three
different stress profiles are selected as showsigare79. The three profiles are selected
randomly to have different rates, different temperatures, and different maximum applied
stresses. Given that the VECD model and similarly tMEED are developed afG, the

time domain of each stress profileiansferred to the reduced time domain°&. his
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yields a stress increasing up nonlinearly to reach 5000 kPa at 180 seconds for the stress
profile at 5C, 2000 kPa at a reduced time of 2000as&tsfor the stress profile at 26, and

1,000 kPa at a redad time 0#400,000 seandsfor the stress profile at 36. These profiles

has been selected to assure that the correspoadenggeC valueat maximum stress and

reduced time of eaabf the thregrofiles does notrmp below 0.4 which idimit for which P-

VECD models are developed in this research. In addition, the stress profiRCav&8

selected to have a slow rate where stress is applied up to a reduced time of 400,000 seconds

to assure that domains with high COVs for D(t) are accounted for iarthlgsis.
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Figure 79. Different investigated stress inputs as a function of actual time at’6, 25°C,
and 35°C.
For each stress profilthe Lebesgue Norm of stress is calculated for the case of each

mix to serve asanimmediee par ameter to compute the damag
corresponding ACO values over the entire don
carried out for each of the four mixes UHA, M19-HMA, U19-WMA -SonneWarmix,

and U25HMA as presented iRigure80, Figure81, andFigure82 for the stress profiles at

5°C, 25C, and 38C, respectivelyFor any given time, it can be observed that the Lab®esg

Norm of Stress is always lowéor the case of MIHMA as compared to the other three

mi xes. This difference is mainly dHMA to t he
and the other mixes where in thireplictemd!| ysi s 0
each mix. In addion, the timetemperature shift factofer each mixare taken deterministic

as the average of 10 replicates to calculate the reduced Eore=ach case of stress input,

the pseudostiffness AC0O is calcul awsed using
Lebesgue norm of stress of the 500 realizations extracted from Monte Carlo Simulations of

each mix. For each of the three stress profilibge data 0600 curves ofC vs Lebesgue Norm

of Stresgs calculated for the case of each of the four mixes.
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Figure 80. Lebesgue norm of the investigated stress profile as a function of time &5
for the cases of UIHMA, M19 -HMA, U19-WMA -SonneWarmix, and U25HMA.
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Figure 81. Lebesgue norm of the investigatedtress profile as a function of time at 2%
for the cases of ULHMA, M19-HMA, U19-WMA -SonneWarmix, and U25HMA.
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Figure 82. Lebesgue norm of the investigated stress profile as a function of time at°85
for the cases of UIHMA , M19-HMA, U19-WMA -SonneWarmix, and U25HMA.
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In addition,the P-VECD model requires having probabilisti{t) mastercurves

developed at a reduced time 6€C5 This is achieved by extracting 500 realizations of the

Prony coefficients corresponding to Ditpstercurves simulated using the Monte Carlo

method. The extracted D(t) mastercurpésted as a function of reduced time at a reference

temperature of & are shownn Figure83. The scatter around the mean appéa be low at

small reduced times and increases as the reduced time becomes larger especially for the case

of ULIWMA-SonneWarmix and U2BIMA. It is worth noting that for the investigated
stress profiles, the uncertainty to be propagated IRMECD is that of D(t) for values of

reduced time smaller than 400,000 second.
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Figure 83. A sample of smulated D(t) mastercurvesfrom Monte Carlo Realizations
plotted as a function of reduced time at 8 and extracted for the prediction of
probabilistic viscoelastic strains.
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7.3 Predicted Viscoelastic Strains: Determinstic and Probablistic solutions
7.3.1 Results of theP>-VECD Model Predictions

The 500 realizations of C vs Stress and those of D(t) are matched randomly leading to
500combinations presenting probable material characteristics requirBeiaCD model
For each of these cases, the viscoelastic strairedictedwhere its mean and COV are
calculated for each mix as presenteéFigure84, Figure85, andFigure86 for the analyzed
stress profiles at°®, 25°C, and 38C, respectivelylt can be observed that the predicted
viscoelastic strain increases rapidly at the initial/instantaneous dtiba application of
stress before it continues to increases but at a much gradual/shallow slope. In parallel with
that, it can be observed that the COV of the predicted viscoelastic strains possesses a similar
behavior where it rises rapidly justterthe application of the lodoeyondwhichit increases
very slightly with the increase in the predicted viscoelastic strains. This pattern can be
observed for all the cases of the predicted probabilistic viscoelastic strains regardless of the
mix type and tk analyzed stress profile.

The three analyzed stress profiles are selected such that at the C value if approximately
around 0.4 at the end of the load application. This could imply that the predicted probabilistic
viscoelastic strains are within the saarder of magnitude at the end of the loading time
where it evolves around 0.01 for the three cases. Thus, any difference between the predicted
viscoelastic strain of the four mixes will be due to the different in predicted C values and
different in propeies related to LVE characterization and mainly D(t) and the-time
temperature shift factorBased on that the uncertainty will be mainly affedigdincertainty
of C vs Lebesgue norm of stress which has a maximum of 0.2 and that of D(t) up to a reduced
time of 400,000 second where it increases from 0.1 at low reduced times Wb 0.2

depending on the investigated mix.
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Figure 84. Predicted probabilistic viscoelastic strain means and COVs for case of stress
input at 5°C for M19-HMA, U19-HMA, U19-WMA -SonneWarmix, and U25HMA.
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Figure 86. Predicted probabilistic viscoelastic strain means and COVs for case of stress
input at 5°C for M19-HMA, U19-HMA, U19-WMA -SonneWarmix, and U25HMA.

For the case of the stress profile & g2he COV of the predicted viscoelastic strain
increases from an initial value of 0.12 to around 0.22 at time/reduced time of 170 second.
However,the COV of the predicted viscoelastic strain is around 0.28 for the stress profile at
25°C and around 0.31 for the stress profile di35This shows thattnperature and basically
the uncertainty in D(tqs a function of reduced tinigcrease the uncertainty thfe predicted
viscoelastic strain. The uncertainty of the predictedoelastic strain at any time is mainly
due to the high uncertainty at the iaitinstantaneous portion of time just after the
application of the load. This uncertainty can be assumed to be mostly constant as C drops
down to values of 0.4.

It can be also observedat the COV of the predicted viscoelastic strdiesomes
differentfrom one mix to the othas the temperaturacreases oas the rage ofthereduced
time becomes largdp reach avalue ofC of 0.4. For the three stress profiles, the COV of the
predicted viscoelastic strain is always higher for the case oftM8 and U25-HMA
compared to that of the UIMA. The COV of the predicted viscoelastic strain of U19
WMA -SonneWarmix is equal to that of UHMA at small reduced times but exceeds it as
the reduced time becomes larger. For case of the stress profilg #té& GV of predicted
viscoelastic strainf M19-HMA and U25HMA is about 10% higher than that of UHMA
and U19WMA -SonneWarmix. This difference increases to 25% for the case of the stress
profile at 25C. However, for the casef stress profile at 3&, theCOV of predicted
viscoelastic strain for MEHMA and U25HMA is 65% higher than that for the case of the
U19-HMA mix. For ULISWMA -SonneWarmix, the COV is almost 100% higher than that of
the U19HMA especially at high reduced times. Therefore, the unceyta the predicted
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viscoelastic strain is just a reflection of that in LVE and damage characteristic properties
where it becomelairger as the reduced time become largeitheNMAS increasesand/or

when using a modifiedinder.It is worth noting thathe uncertainty in the predicted

viscoelastic strains for the mix with WMA additive is significantly higher than that of the

other mixes especially at high reduced times similar to the case of LVE functions as shown in

the earlier sections.

7.3.2 Probability Distribution of Predicted Probabilistic Viscoelastic Strains

To complete the requirements of A& ECD model, it is required to determine the
probability distribution of the predicted viscoelastic strains for the different analyzed case
studies. The prediions of theP-VECD are random variables with a mean, standard
deviation, and a distributiofror a given stress profile applied for any type of asphalt
concrete mixture, the mean and standard deviation vary over the domain of time predictions
and thughe best fit distribution might possess the same behaviaest this hypothesisywo
candidate probability distributions are tested using the ShéyilfoNormality Test.

Therefore, predicted viscoelastic strains using?wWECD model at different timeesf each

of the investigated test profiles are tested for normality. Also, the same data is transformed to
the logarithmic scale where the Shapiilk Normality Test is used to test the hypothesis
whether the transformed data is Normally distributed oandtthus implying if the original

data is lognormally distribution or not. The test is conducted for the predicted viscoelastic
strains at different points of time being 10, 25, 50, 100, and 150 seconds for the investigated
test profile at 8C where theesulting pvalues are presented Tiable44. In addition, the p

values resulting from the Shapiwigilk Normality Test at times of 20, 40, 60, 80, and 100
seconds are presentedTiable45 for the investigted stress input at 35. In this case the

tested null hypothesis is that the data is Normally distributed. For a chosen alpha value or
level of significance of 0.05 pvalue less than 0.05 indicates that the null hypothesis is
rejected and the datanst Normally distributed. The results show that for the case of the
investigated stress profile at& almost both the Normal and Lognormal distributions can be
used to fit the predicted viscoelastic strains. However, 4ye for the testing of the

Lognormal distribution is significantly higher than that of thegtue for the Normal

distribution for all times and for the case of the four mixes. On the other hand, the hypothesis
testing for the distribution of the predicted viscoelastic strains attmuess of the

investigated stress input at°85yield very low pvalues less than 0.05 when testing for
Normality. However, the palue is always larger than 0.05 at all times and for all the mixes

when testing for fitting the data by the Lognormal disttiiin. Therefore, it can be concluded
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that the predicted viscoelastic strainslByYECD model are best fit using the Lognormal
distribution.

Table 44. p-values by ShapireWilk Normality Test for predicted viscoelastic strains for
the investigated stress input at & for the four mixes.

t=10 sec| t=25sec| t=50 sec| t=100 sec| t=150 sec
Normal 0.053 0.135 0.288 0.430 0.369
M19-HMA LogNormal | 0.179 0.453 0.708 0.724 0.613
Normal 0.310 0.368 0.300 0.386 0.413
ULS-HMA LogNormal 0.380 0.490 0.360 0.401 0.453
U19WMA - Normal 0.453 0.152 0.053 0.012 0.004
SonneWarmix | LogNormal | 0.990 0.916 0.563 0.522 0.260
U25-HMA Normal 0.183 0.060 0.049 0.075 0.153
LogNormal | 0.700 0.526 0.575 0.654 0.501

Table 45. p-values by ShapireWilk Normality Test for predicted viscoelastic strains for
the investigated stress input at 3% for the four mixes.

=20 sec| t=40 sec| t=60 sec| t=80 sec| t=100 sec

Normal 0.000 0.001 0.003 0.005 0.009

M19-HMA
LogNormal 0.889 0.847 0.938 0.942 0.948
Normal 0.012 0.034 0.042 0.085 0.045

U19-HMA
LogNormal 0.065 0.071 0.103 0.177 0.146
U19-WMA - Normal 0.065 0.099 0.075 0.127 0.198
SonneWarmix | LogNormal 0.022 0.064 0.043 0.048 0.089
U25-HMA Normal 0.003 0.045 0.092 0.053 0.026
LogNormal 0.498 0.943 0.895 0.747 0.680

7.3.3 Number of Realizations Required fd*-VECD Model

The results in the previous section for REECD model are based on 5@@edictions of
viscoelastic strains. Thus, the presented mean, COVs, and distribution at aasetitme
results of a population of 500 points. However, in all the previous sections the probabilistic
analysis and uncertainty quantification are based on 500,000 realizations from Monte Carlo
simulations. For the prediction of viscoelastic strain is lyraad thus the implementation of
a large number of simulations requires a very high computational &ffatefore, in this
research 500 realizations of each of D(t), C vs. S curve parameters, and S vs. Lebesgue Norm
of Stress parameters are randomlyaoted from 500,000 realizations of Monte Carlo
simulations of each of the characteristics for the four mixes. However, to validate the
conclusions related to the predicted viscoelastic strains l-¥eCD model, it is worth
checking the variability inhte predicted results as a function of the required number of
realizations to be considered foettlevelopment of the-VECD model.In order to
accomplish this taskhe viscoelastic strains are predicted in response to thpsév
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investigatedstress pofile at 5C using a different number of realizations varying between 3
and 10,000Thus, it is required to check the numbesifiiulationsrequired to give valid and
realistic simulated results. In the case of the deterministic VECD, the answer would be
simply once. However, for tHeVECD this would be more compleXhis taskis carried out
in order to check whether 500 simulations are enough for yielding realistic predictions by the
P-VECD model withoutfurtherinducing more error due to the scarcityttoé number of
simulations/realizationsI' herefore, it is recommended to have enough number of points to
yield realistic predictions but with minimal computational efforts.

Theeffect of thenumber ofsimulationsused for the development of tR&VECD onthe
variability of the predicted viscoelastic straiaisecalculatedat different times ol0, 25, 50,
75, 100, and 150 secoaddpresented for UFHMA, M19-HMA, U19-WMA -
SonneWamix, and U2BIMA in Figure87, Figure88, Figure89, andFigure90, respectively.
The results showhatthe COV of the predicted visetastic strain is unstable femall
numbes of simulations below 10at any time. The COV caltated using a small number of
simulations can be observed to be significantly either lower or higher than the stabilized
COV. Taking the case of the reference mix UHMA i.e. the mix with the lowest
uncertainty, it can be observed that for example atG=s&@ond the COV decreases from a
value of 0.27 for the case of 3 simulations to a 0.17 when calculated using 20 simulations.
Then, this COV increases slightlydovalue 00.20 for the case of 40 simulatiolbsfore it
decreases to stabilize at 0.18 aft@® simulations. However, for the case of LU2GA
which is a mixwith higher uncertaintiegshe COV at time of 100 second increases from 0.1
to 0.23 as the number of simulations increase from 3 t®l6.COV slightly decreases as
the number of simulatits increases to stabilize at a value of 0.19Afarmber of
simulations of 5001t is also observed that higher fluctuations occur for the cases with low
number of simulations for the UAYMA -SonneWarmix as compared to the other mikes.
the case oflamixes, the COV of the predicted viscoelastic strains has a COV at 500
simulations that is within a range of error not exceeding 5% when calculating the COV of the
predicted viscoelastic strains based on 10,000 simulations. This indicates the devetdpment
a realisticP-VECD requires a number of simulations equal to or great than 500. As the
number of simulationapproache800, the results of the-VECD predictions converge to a

stable solutiorthat is slightly improved bgimulations but at a high comtationalcost
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Figure 87. COV of predicted viscoelastic strainscross the 10,008imulations of the P-
VECD modelfor U19-HMA.
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Figure 88. COV of predicted viscoelastic strainscross the 10,008imulations of the P-
VECD modelfor M19-HMA.
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VECD modelfor U19-WMA -SonneWarmix.

7.4 Comparison of Resllts of Deterministic VECD AND P-VECD Results

The results of th®-VECD modelsof each of the mixes for the three investigated
stress profiles allowoir the developmenof the 68% and 9% confidence intervals which
typically correspond to the ranges of + one and two standard deviations from the mean,
respectivelyThese intervals provide an estimated range of values of the predicted
viscoelastic strainfor a specific mix in response to a given stress prdfilerovides a tool
for assessing how confident or certain that the true population mean of the predicted
viscoelastic strain falls within a given ranggpically, the width of these intervals whk a
function of the considered confidence level, variability of the estimated parameter, and the
size of the sample used in the estimations of the statistical parameters of the investigated
population. In the case of this study, the confidelevel is @fined as 68% and 9band the
samples size is the same in all cases being 500. Thus, the difference in the width of the
confidence interval at any specific time for the same stress profile will be a function of the
variability of the properties of the instgated asphalt concrete miikius, the confidence
intervals will present the inherent uncertainty in the predicted viscoelastic strains.

The developed 68% and 95% confidence intervals for the predicted viscoelastic strains
using theP-VECD model are pgsentedn Figure91, Figure92, andFigure93for the
previously investigated stress profiles & 525C, and 38C, respectivel. It can be
observed that for the same stress profile, the width of the confidence intervals at a given point
in time varies from one mix to another. In addition, it can be observed that for the same mix
the width of the confidence interval (both 68% &386) at the end of the analysis period
becomes larger for stress profiles at higher temperatures. It is noticed that for the same mix

the three stress profiles are chosen to yield same C value at the point of time corresponding to
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the end of the analysi$his indicates that as reduced time increases and/or the mix have
higher uncertainties especially in its LVE properties the width of the confidence intervals
becomes larger. Therefore, it can be concluded that estimates of the mean value of the
predicted \scoelastic strain fall in wider regions especially for mixes whose properties

possess higher variabilities and for cases with larger analyzed reduced times.
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Figure 91. Predicted viscoelastic strains in response to thevestigated stress profile at

5°C calculated usingdeterministic VECD and P-VECD model along with its 68% and

95% confidence intervalsfor a) M19-HMA, b) U19-HMA, c) U25-HMA, and d) U19-
WMA -SonneWarmix.

Two deterministic solutions are calculated forleatthe investigated cases for the
four mixes ULI9HMA, M19-HMA, U19-WMA -SonneWarmix, and U2BMA. One of these
solutions represent the common practice case where the predictions are based on the material
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properties determined for three replicates testedf and another three replicates tested
using the monotonic test. The second investigated deterministic solution represent the
predictions of the viscoelastic strains based on ten replicates tested in E* and another ten
replicates tested using the monatotest.The results show that the deterministic solution
based on ten replicates is almost close or equal to the solution obtained fl»MERD
models for almost all analyzed cas€le difference appears only for the case of the
predicted viscoelagtistrain of the U28HMA mix where the deterministic solution falls in
the region within one standard deviation from the mean obtained usiRgMBED model.
The closer the deterministic solution to the predicted mean B®-#eCD model would be
better; lowever, obtaining such difference is expected especially that the mean viscoelastic
strain curve herein is an unknown population paraneeected to fall in this range. The
case that it is not close to the mean curve obtained WB-¥eCD model suggesthat it can
be considered as an accurate but a less precise estimate of the population parameter.
On the other side, it can be observed that the deterministic solution from three
replicates has a scatter around the mean obtained frdPAMBED models fo all cases of
the 12 combinations of mix types and stress profiles. The deterministic solution can be
observed to be eitheery closegclose or aparfrom the probabilistic meahut within the
limits of the developed confidence intervals. This is exgbdue to the modeled uncertainty
in the material properties and thus in that of the predicted viscoelastic stifdins, it is
required to take into account the uncertainties associated with predicted viscoelastic strains
especially when using the outig of such advanced material characterization models as
inputs for structural models required to calculate stresses and strains within pavement
systems. A single value of the predicted viscoelastic strain edbhsideredvhen
dependingnthe determirstic solutionwhich might underestimate the probable viscoelastic

strain in many cases and thus affect the reliability of designed pavements.
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Figure 93. Predicted viscoeladt strains in response to the investigated stress profile at
35°C calculated using deterministic VECD and®-VECD model along with its 68% and
95% confidence intervalsfor a) M19-HMA, b) U19-HMA, c) U25-HMA, and d) U19-
WMA -SonneWarmix.

The mean, standaredation, and the distribution of the predicted viscoelastic strain
for all the investigated stress profiles are determined as a resultMBEED model. This
allows for the calculation of the probability that the viscoelastic strain at any time exceeds
that predicted using the case of common practice presented as the deterministic solution from
three replicates. Knowing that the predicted viscoelastic strain follows a lognormal
distribution at any time of prediction and for any combination of the ilgatst stress
profiles and mix, a sample of these probabilities are calculating. For example, the probability
that the viscoelastic strain exceeds that of the deterministic solution is estimated at a time of

100 seconds of the investigated stress profig@. This probability is found to be 19.1%,
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43.9%, 45.7%, and 23.4% for the UHMIA, M19-HMA, U19-WMA -SonneWarmix, and
U25-HMA, respectively. Similarly, such a probability is calculated at a time of 15 second for
the stress profile of 2& where it is fand to be 44.6%, 51.7%, 34%, and 70.1% for the-U19
HMA, M19-HMA, U19-WMA -SonneWarmix, and U2BMA, respectively. At a time of 100
second for the investigated stress profile dIC3%he probability is calculated as 32%, 33.8%,
64.2%, and 20.4% for the MAIMA, U19-HMA, U19-WMA-SonneWarmix, and U25

HMA, respectively. The results show that the probability of the predicted viscoelastic strains
exceeds the values of the deterministic solutions may be as low as 19% and as high as 70%.
The analysis of these prdiilities show that there is not a specific trend in variation from one
mix to another and according to temperature of the asphalt concrete. This is expected as long
as the estimate mean of the viscoelastic strain falls within the limits of the confidence
intervals. The probabilities show that the deterministic solution could significantly
underestimate the viscoelastic strain in response to a given stress input. Thus, it is needed to

consider &-VECD model to better represent the actual behavior of aspbiadtrete mixes.

7.5 Use of GlobalDamage CharacteristicCurve for Predicting Viscoelastic Strairs
7.5.1 Development of Global Damage Characteris@urve

The results of the previous parts show that the predicted viscoelastic strains for a given
stress responseV®a significant level of uncertainty. This uncertainty is forward propagated
and it a result of the uncertainty in LVE material properties and damage characteristic curves
presented by both the C versus S curve and the S versus Lebesgue norm of g&ess cur
jointly referred to as C versus stress curvesddition, damage characteristic curves of the
four mixes for which th&@-VECD models are developed show a difference but not a huge
one even though the mixes have different components included unrdogifie binder,
polymer modified binder, WMA additive, and different aggregate sizes. Therefore, the
apparentlyfimited different between the different damage characteristic curves and the
significant uncertainty in those curvelseds the light on assessthg sensitivity of C versus
stress curves on the predictions of the viscoelastic strains for a given stress profile. This is
carried out in this study through the construction of global damage characteristic curve.

The global damage characteristic cuiveolved the development of a global C versus S
and a global S versus Lebesgue norm of stress curves. These curves are referred to herein as
global but in the context of the mixes in this research. To achieve this task, the data used for
the development dhe damage characteristic curves of BRéECD model of each of the
mixes U19HMA, M19-HMA, U19-WMA -SonneWarmix, and U2BIMA are pooled
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together. This implies having 40 AC versus S
stress cur v e sasusstréehcarveg dreochlalbted@ndyiteed as the average of

these 40 curves regardless of the type of the mixdékielopedy | o b a | AC versus S
versus Lebesgue nor m ofFigare9dandFgguredbr ves o are p

respectively.
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Figure 94. Mix -specific and global C vs S curves calculatdzhsed onthe four mixes:
U19-HMA, M19 -HMA, U19-WMA -SonneWarmix, and U25HMA.
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7.5.2 Verification of Using a Global Damage Characteristic Curve

The concept of using a global C versus stress rel&ijomslies on a hypothesis that these
curves characterize the general behavior of the reduction in the pseudostiffness of asphalt
concrete resulting from the accumulation of damage under given loading conditions. Thus,
the assumption of a global C verstress relationship instead of mix specific relationships
provides a simplification for the prediction of viscoelastic strains in a fast and with a limited
testing efforts Thus, the viscoelastic strain will be predicted as the response of input stress
profiles for different mixes where the global C versus stress relationship will be used along
with D(t) specific to the mix under investigation. Thus, the simplification of the VECD model
testing herein assumes that the C versus stress relationship chamattertzehavior but D(t)
presents the properties of every specific mix.

The global C versus stress relationship is developed using the data of the four mixes U19
HMA, M19-HMA, U19-WMA -SonneWarmix, and U2BIMA. For each of these mixes, the
viscoelastic stiia is predicted using the global C vs stress and compared to the solution
obtained using the mix specific relationships for the previously investigated three stress
profiles. The followed modeling strategy involves the consideration of mix specific D(t)
cdculated as the average of three tested replicates in E*. The actual deterministic and
probabilistic solutions of the viscoelastic strains along with the prediction based on the global
C versus stress curves gresented inFigure96, Figure97, andFigure98 for the
investigated stress profiles at temperatures©f 35°C, and 38C, respectivelyThe results
show that the predietl viscoelastic strains using the global C versus stress relationships are
very close that predicted by tReVECD models for the cases of the three investigated stress
profiles for the four mixes. The obtained viscoelastic strain curves are even altser t
probabilistic solutions than that of the deterministic solution involving mix specific C versus
stress relationships. Therefore, it can be concluded that so far the usage of a global C vs stress
curve for a set of mixes having common sources of ma#anight yield a realistic, accurate,

and precise solution that is almost equal to that oPtR&CD model.
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Figure 96. Predicted viscoelastic strains calculated using Global damage characteristic
curve in response forthe investigated stress profile at 8 for a) M19-HMA, b) U19-

HMA, c) U19-WMA -SonneWarmix, and d) U25HMA.
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Figure 97. Predicted viscoelastic strains calculated using Global damage characteristic
curve in response for tle investigated stress profile at 2% for a) M19-HMA, b) U19-
HMA, c) U19-WMA -SonneWarmix, and d) U25HMA.
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Figure 98. Predicted viscoelastic strains calculated using Global damage characteristic
curve in response for thenvestigated stress profile at 3%C for a) M19-HMA, b) U19-
HMA, c) U19-WMA -SonneWarmix, and d) U25HMA.

7.5.3 Validation of Usinga Global C vs StresRelationship

The predicted viscoelastic straitde not show aignificant difference when calculated

usingmix-specific and global C versus stress relationships for the cases of each of the mixes:

U19-HMA, M19-HMA, U19-WMA -SonneWarmix, and U2BIMA. The predictions of
viscoelastic strains using a global C vs stress relationship is realistic in the pastigds

used to develop the global relationship. However, this needs to be further addressed to study

the validity of using a global C versus stress relationship for prediction of viscoelastic strains

for mixes other than those used to develop the globaloesdtips. To address this task, some

of the mixes used in the assessment of WMA mixes is considered to predict their response

using

bot h

t he

devel oped

C

ver sus

stress

mixes considered in this context &M@ 9-WMA -Rediset, M19NVMA -Sasobit, UIHMA -
Fibers, U19WMA -SonneWarmixFibers, U25WMA -RedisetandU25-WMA -Advera.

These mixes incorporate a variety of factors that include different types of WMA additives,

with or without fibers, different types of bindg different mixing and compaction

temperatures, and different aggregates sizes. It is notable that these six mixes along with the

previous four used to develop the global C versus stress relationships have different mix

components but all have the followy common factors:

1 All the ten mixes have the same type and source of aggregates.

1 Mixes with modified binder have the same source and type of binder

1 Mixes with unmodified binder have the same source and type of binder
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1 All samples of these mixes are mixedmpacted, and tested in the same
laboratory
All the replicates of these mixes are tested in compression state

All replicates of the ten mixes have the same level of air voids

For illustration the viscoelastic strain is predicted in response to thequdy
investigated stress profile at& This is carried out using both mix specific and global C
versus stress relationships. The results for the six mixes used for validation are presented at
selected times of 25, 50, 100, and 150 second as presefigdre99. The results of both
predictions per mix are very close where the global C versus stress relationships yield
predicted viscoelastic strains that are withih0% of the mean predicted viscoelasticistra
usi ng t he @versus stress latiorisHips. @he viscoelastic strain predicted using
the global C versus stress relationship could be either larger or smaller than that predicted
using the mix specific relationships depending on the investigaix. The results are
consisting for all mixing regardless of the time of analysis and thus regardless of the
magnitude of the predicted strain, the value of C, and reduced time.

It can be concludethat it is possibléo use a global C versus stresktionship for
the prediction of viscoelastic strains. This is validated in this study for three different control
mixes with different components added to modify the functionality of such mixes. Therefore,
the validity of using the global C versus stregationship is recommended as a
simplification especially when assessing mixes that could have the same materials but with
only few components vary. This is a valid case in projects in which viscoelastic strains are
needed to be predicted and comparedriixing incorporating certain types of additives such
as fibers and WMA additives, different binder types, and different aggregate gradations.
Therefore, the global C versus stress relation can be done by testing crosshead samples for
the reference mixeand thus used for predictions of the modified mixes. Thus, such mixes
wi || require only characterizing t-heir LVE
temperature shift factors. So, the global C versus stress could be used when comparing mixes
of samecategory so that it will reduce the required number of tests to be conducted implying
less effort, less time, and less need for resources. However, the conclusion herein needs to be
validated in future studies fothercategories of mixes implying diffemesources of
materials and different levels of air voids. In addition, this could open the door for the
development and assessment of a universal C versus stress relationship by mdlding a
testing adatabase of C versus stress relationship for the @ssipn statérom mixes

worked on at different countries around the world, with totally different materials, and by

200









































































































































































































































































































































































































