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Abstract

Balanced Mix Design (BMD) represents an asphalt mixture design methodology that
replaces certain traditional volumetric parameters with perforraased testing to address
predominant distresses such as rutting and cracKimg.approactoffers anavenueto properly
design and prodecengineered asphalt mixtures, including those vaigih reclaimed asphalt
pavement KIRAP) contents, recycling agents (RAs), fibers, and polymadified binders.
Laboratory performance tests agsentiato the BMD process, as they ensure pheductionof
durable, higkperformance materials. Beyond laboratory performance evaluation, accelerated
pavement testing (APT) plays a crucial role in bridging the gap betiabenatory material
characterization anfield pavemenperformance.

This dissertationaimed to assess the BMD concept @i@signing durablelonglasting
surface mixtures in Virginia, with particular emphasis on higher RAP content mixtures (HRAP
mixtures, i.e., exceeding 30% RAP). The study involved laboratory and APT tessimgurface
mixtures featuring a range of RAP contents (both conventional and high), two binder(g@des
64-22 and PG528), one RA, and one warm mix additive.

Findings indicatd that densegraded, unmodified surface mixtures with reglRAP
contents can be successfully designed using the current Virginia Department of Transportation
(vDOT) BMD special provision. These mixtures can be produced in the plant with no significant
deviations in aggregate gradation and asphalt binder contenttiffie design specificationshe
combined effect of variations in different volumetric properties during production may influence
the primary performance of the mixturgstentally resulting in an imbalance. As a consequence,
the produced BMD mixture may fail to meet one or more performance threshAdtiisonally,
the results underscat¢he effectivenes®f BMD conceptwith incorporating RAs and/or a softer
binder when designingHRAP surface mixturesimportantly, the current selected BMBests
characterized the laboratory performance of mixtuaégning with the performance observed
under APT This research provided a steppingstone towardexhmination andalidation of the
VDOT BMD thresholds which ensuessatisfactory field performanc&he study also indicate
that while current BMD thresholds provilesufficient margins for satisfactory field cracking
performance, rutting resistance may become a concern for overly designetiBMPmixtures.

For instance, mixtures with excessivéligh asphalt binder content may exhibit compromised
rutting resistance.

Furthermoreto address the challenges uncovered duBtp test analysi§ issues like
the constraints of traditional pawise comparisongisks of repetitive design processes, and the



difficulty in pinpointing critical factors in mixture productidnthis dissertation proposed
innovative solutions to enhance BMD application and streamline the evaluation pFocstss

novel Composite Performance Index (CPI), visualized through a 3D plot, chptivee f b al an c e
status of various mixtures. Second, a machine leasgmhgnced BMD framewonkasintroduced,

offering intelligent optimization throughout the design and production phalsesntegration of

these two tools offers significant gottial for simultaneously improving multiple performance
indicesof asphalt mixtures.

Finally, this researcldemonstrate that the performance of higher RAP content mixtures
can exceed that of lower RAP content mixtutesugh the application &MD approachesThis
dissertation not only advamtehe implementation of BMD for surface mixtures but also
contributel to the sustainable and performastteven evolution of asphalinix design. The
insights gained from this study provalpractical guidance and strategic recommendations for
enhancing asphalt mixture design, production, and perfarenaonitoring.
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Gener al Audi ence Abstract

This dissertatiorevaluateda new way to design asphalt mixtures, called Balanced Mix
Design (BMD). Unlike traditional methods that focus mostly fomdamentalvolumetric
propertiesof materials, BMD uses testing to ensure the pavement will hold up against common
issues like cracking and rutting. This approach allows for better use of materials, including high
recycled asphajtavementHRAP), recycling agents (RAS), fibers, and modified binders

Considering economic and environmental benetits,studyevaluate the application of
BMD for designing durablasphalt surfaces fgravementsparticularly mixtures with over 30%
recycled asphalpavemen{RAP). Tests in the latratoryand with accelerated pavement testing
(APT) showed that high RAP mixtures could designed and producedliably using current
Virginia Department of Transportation (VDOT) guidelin@ke addition of recycling agents or
softer binders further supported these mixtures geting performance standaydsnsuring
satisfiedfield performance.

To address key challenges, such as the limitations of traditionalvis@rcomparisons,
risks of repetitive design processes, and diféculty in finding key factors for production
variability, this research introduces two innovative tools to enhance BMD. FiSbngosite
Performance Index (CPI) with a 3D visual tool offers a way to assess the ls&neaf mixtures.
Second, a machine learning framework was developed to optimize BMD throughout the design
and production phases. Together, these tstisblislBMD as a valuable approach fadesigning
and producingnore sustainable, longéasting pavements.
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CHAPTER 1 - Introduction

1.1.Background

In the United States (U.S.), the useretlaimedasphalt pavement (RAP) in asphalt
mixtures has yielded significant environmental and economic benefits, prompting state agencies
to implement special provisions and specifications allowindhigiher RAP contentéZaumanis
et al., 2013; Martin et al., 2020). The escalated use of RAP was anticipated to counterbalance the
steadily rising costef asphalt binderandfuel required for their transportation and placement
(Zaumanis et al., 2013; Martin et al., B)2In the U.S., the extent of available RAP in each state,
its corresponding performance characteristics, diverse practices, standards in practice, and other
contextual factors hawdriven thedesireto characteriz@ighreclaimedasphaltpavemen{HRAP)
asphalt mixtures as staspecific entities.

The principal concern associated with HRAP asphalt mixtures revolves around their
potential for excessive stiffness, a consequence oadgkd binder in th®AP, rendering them
more susceptible to brittleness and premature cracking (Martin et al., 2020). The utilization of
relatively HRAP proportions in mixtures poses an array of construction and performance
challenges, encompassing difficulties related to compaction and workability in cool weather,
susceptibility to thermal cracking, fatigue cracking, eefive cracking arising from repeated
loading and daily/seasonal thermal stresses, as well as raveling accompanied by aging or moisture
induced damage (Matrtin et al., 2020hese challengesaybe effectively addressed by adopting
performancebasedmix designstrategiessuch aghe Balanced Mix Design (BMD) approach
BMD is defined asnfiasphalt mix design using performance tests on appropriately conditioned
specimens that address multiple modedistiress taking into consideration, mix aging, traffic,
climate, and location within the pavement structu®@ASHTO PP 105West et al., 2018Unlike
conventional volumetric design, the BMD framework shifts emphasis to performance testing
criteria, assessing mixtures faimary distresses, such as rutting and crackpgrovalof a mix
is contingent upon meeting predefined performance benchmearkwesholds with potential
additional testing during production for quality assurafitabboucheet al., 222, Diefenderfer
et al., 2023 Within the BMD approach, specific techniques to improve mixture performance may
include increasing binder content, incorporating recycling agents (RAs) and/or softer binders
(West et al., 2018Martin et al., 202)) and utilizing polymemodified binders to improve the
engineering properties of asphalt mixturése BMD approach has gained prominence in recent
yearsand in particular it has allowete incorporation oHRAP contentsn asphalt mixtures

Within the BMD framework, laboratory performance testing serves a pivotal toole
evaluate and screen mixtures, thereby mitigating the cracklated and ruttingelated riskin
specific paving applications and design specificatiiieroni et al., 202). In tandem with
laboratory performance tests, the implementation of Accelerated Pavement Testing (APT) serves
as atool to bridge the gap between design models developed via laboratory material
characterization and the loitgrm pavement performance observed in thesh&ield (Harveyand
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Popescu2000;Steyn 2012) In one of the recent experimentse¥irginia APT program(Tong

et al., 2023hasprovided a comprehensive and systematic opportunity to assess the application of
the BMD concept in designirdurable and londasting SMs in VirginiaThis dissertation assesxs

the application of the BMD concept in designing HRAP SRAP contents exceeding 30%
Virginia, offering optimized methodologies and insights.

1.2. Problem Statement

The BMD approach has gained significant attention in regeats shifting focus from
traditional volumetric criteria to performanbased testing that evaluates mixtures for
susceptibility to prevalent distresses, such as rutting and cracking. This approach not only opens
the door for integrating innovaitn into mix designsbut also demonstrates its capacity to ensure
satisfactory mixture performance. Such an approach is increasingly critical, as contemporary
asphalt materials differ markedly from earlyemerations due to heightened supply challenges and
the growing demand for higberformance material&olalipouret al., 2021) Additionally, the
environmental and economic advantages have encouraged transportation agencies to adopt HRAP
in SMs, with BMD showing promising potential to address challenges associatetiRAR
usageeffectively.Despite these advancements, achieving a sustainable, durable, asftectise
mix design requires further investigation. Key areas for exploration inckidduating
representative laboratory performance testd speciment effectively screen and ensure the
target mixture performance; subsequently examining the impact of production processes and
associated variability on selected tests when usiegBRD concept in HRAP SM design.
Furthermoreinvestigating the relationships acrasalti-level laboratory testis also essential to
deepen understanding of the balance among the primary performance characteristics of mixtures
and identify potential areas for optimization within the design process. Beyond the laboratory
investigation it is equally critical tounderstand longerm field performance, conduct Htepth
data analysis, and develop correlations between laboratory performance tests apaecheait
performance. Addressing these aspects requires comprehensive analysis and exploration.

1.3. Research Objectiveand Scope

The primary objective of thidissertatiorwasto assess the application of the BMD concept
to design durable surface mixtures in Virginith a focus on relatively higher RAP contents
(RAP contents exceeding 3098 his study.

1. Conducted multievel laboratory performance tesbnone control andive BMD SMs
incorporating a range of RAP content®rjventional and high), two bindperformance
gradegPGs) one RA, and onearm mixasphalf{WMA) additive The interconnections
and distinctions among various laborattegts were explored.

2. Assesse@nd examinedthe developed performantased specifications (BMD special
provisions)in Virginia in terms of design mechanism and selected.t&sis evaluation
was based on a detailed laboratory sttaiyparingasdesigned mixtures and-asoduced
mixtures



3. Proposed optimization methods to address the challenges associated with the current BMD
evaluation process.

4. Developed arAPT experimentto verify the mix design performancpredicted by the
laboratory testsThis included documenting paving operations and construction practices,
conducting fullscale accelerated pavement testing on six surface mixtures (SMs), and
performing comprehensive analyses of pavement responses and the collected data

5. Documentedbservations and lessons learned.

1.4. Significance
This dissertation explodeand evaluatéthe potential for increasing RAP content in SMs,

driven by a growing interest in maximizing RAP usedbui | di ng on Virgini i
experience with 100% RAP utilization in base mixtures (BM9)is studyrepresentedan
application of VDOT 0 snadingB comprebensiveetaluapon of\SMs i on s ,

performance with 30%, 45%, and even 60% RAP. Bhusly alsogeneratd insights and best
practices for longerm pavement performance monitoridglditionally, this study providd an
opportunity to investigate the impact of BMIalong with the use of softer binders and recycling
agent® on rutting and cracking performance. Ultimately, by bridging the gap between APT and
laboratory evaluations, this researekaminedcurrent VDOT test thresholds, advancing the
implementation of BMD design and performance assessment in Virginia.

1.4.1.1ntellectual M erit

This dissertation offer significant intellectual contributions through a comprehensive
investigation of the balancing mechanisms in asphalt concrete design, particularly examining the
tradeoff between rutting and crackingerformance As durability becomes a priority for
transportation agencies seeking lonigsting pavements, this research provides valuable insights
into the interplay among key performance characteristics, utilizing 4euttl laboratory
performance tests and APThis dissertation introduces a Composite &enfance Index (CPI) to
evaluate the balance among three core indices, reducing the redundancy and complexity inherent
in traditional comparative methods.

To address the challenges associated with applying the BMD concept throughout the
design and production phases, this dissertation also presents optimization solutions for the BMD
framework using machine learning (ML) moddiéoreover, although APT has gained traction,
there remains a scarcity of studies that interpret continuous data from embedded pavement
instruments. This research fills that gap by tracking real pavement responses over time, offering
insights into how variasifactors can impact pavememrformance.

1.4.2.Broader Impacts

This dissertation makes a significant contribution to the field by strategically integrating
high HRAP content with the BMD methodology. Its overarching objective is to develop pavements
that are not only sustainable and durable but also economicallye véalol environmentally



responsible. A central focus of this research is the validation and refinement of BMD testing
thresholdd an effort critical to strengthening the implementation and broader adoption of the
BMD framework.

The findings address an urgent need within transportation agencies and the asphalt industry
for performancéased tests in the mix design process. These dest®nstrategshat BMD
mixtures meet or exceed the performance of those designed using traditional volumetric methods.
Additionally, the research facilitates the thoughtful incorporation of inmex@pproactinto the
mix design, promoting a balance between performance, cost, and environmental impact.

Another noteworthy contribution of this dissertation is its comprehensive analysis and
synthesis of experiences from Virginia's ABperations. These insights provide an invaluable
resource of practical knowledge and strategic guidance that can shape the direction of future APT
initiatives. The lessons learned will enhance APT methodologies, enabling more effective
evaluation of pavenm performance under realorld conditions.

The outcomes of this research are expected to leave a lasting impact on both the academic
and professional domains. By offering empirical evidence, innovative approaches, and strategic
recommendations, this dissertation not only advances the state ofekigenbut also provides
actionable guidance for the design, evaluation, and implementation of HRAP asphalt mixtures.
These contributions pave the way for sustainable and perforrdainea practices in pavement
engineering.

1.5. Dissertation Organization

The research objectivevas achievedhrough the development of five main research
manuscripts, each addressing distinct and specific objeciiiese manuscripts comprehensively
coveedt he st udyo6s s -depth exploratidnofkey resegrchdhemes and questions.
Alongside arintroduction andLiterature Review, as well as a findfindings, Conclusion, and
Recommendations this dissertation will be structured into eight chaptergure 1-1 illustrates
the organization of the dissertation, documenting and analyzing the entirety of the 2020 Virginia
APT BMD program.
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Figurel-1. Concept ual owchart of ARToprbgramdgiaer 6s r el e
analysis process.

(VDOT BMD Provision)

A summary of each chapterds major contents

Chapter 17 Introduction : This chapter preseséin overview of the dissertation topic,
articulatel the problem statements, definie research objectives and scope, highéight
the significance of the study, and outbitbe organization of the dissertation.

Chapter 27 Literature review: This chapteprovides a comprehensive review of the literature,
discussing the background and methodologies relevant to the dissertation. It acdmprise
eight subsections, covering: RABage, HRARMIix design,definition of BMD, state
levelBMDIini t i at i ves, -¢fforis,talgoratoryparidrsnan8sMdiuation, APT,
andmachinelearningmodels.

Chapter 3 - Paper1: Multi -Level Performance Evaluation of BMD Surface Mixtures with
Conventional and High RAP Contents: A Case Study in VirginiaThis paper sets forth a
series of specific objectivdyy employing performance testing across varying complexity
level® basic, intermediate, and advangeithis study offers a layered perspective on
mixture performanceFollowing this,differentperformance test results are ranked to
establish comparative insight3iving deeper, an hilepth analysisvas undertaketo
unravel the interconnections and distinctions among various laboratory performance test
outcomes, probing for inconsistencies that may surface when different performance test
levels are applied. This exploration mdveeyond isolated performance indices, delving into
optimized BMD mixtures by examininglativecorrelations across primary performance
metrics and propesian innovativeCPI. To visually capture the intricate "balance” among
these indices, aB plot, paired with a ternary plot, is introckd. This visualization tool



provides a dynamic and holistic view of BMD optimization impacts, offering a nuanced
understanding of how the evaluated mixtures fare under comprehensive performance
scrutiny.This paper has been published in tmernationalJournal of Pavement
Engineering.

Chapter 4 - Paper 2: Assessment of Production Variability and Composite Performance
Index for Conventional and High RAP BMD Mixtures . This papesoughtto assess the
impact of production and associated variabilityaorontrol mixture and five engineered
mixtures designed using the BMD concéphr ough VDOT6s current sui
each mixturd sourced during production and paving of the APT fadlitynderwent
evaluationin terms of durability, rutting and crackimpgrformance. To advanead facilitate
the analysis, &Dimensional plot with a revisedPI(CPIr) wasintroducedo optimize the
process of evaluating thmixture fibalanceé status amongultiple primary performances.
The assessment oftafcomprehensive laboratory performance test references for quality
measurement practices within BMD implementatibimis paper has been published in the
TransportationResearctiRecords

Chapter 5 - Paper 3:Machine Learning-Based Prediction and Optimization of Balanced
Mixture Design Performance Indices In addressing the challenges highlighted in paper 1,
this study introduces a Mdriven solution aimed at enhancing both the design and
production phases within the current BMD framework. The primary aim of this research was
to develop ML models capable afcurately predicting BMD performance indices based on
mixture constituent and volumetric properties gathered from both design anprfidicttion
stages. Beyond prediction, the study sought to leverage these ML models to explore the
influence of individual constituent properties on BMD performance, pinpointing key factors
that dominate in the preparation of BMD specimens. Traditionabappes often struggle
with these complex, mulproperty interactions, which ML is uniquely suited to unravel. To
demonstrate the practical application of ML in BMD implementation, a simulated
deployment was crafted, enabling simultaneous optimizatimsathree primary BMD
tests. Through this approach, tperforming ML-enhanced candidates were identified,
presenting a compelling case for the strategic incorporation of ML in advancing the BMD
processThis paper has been submitted for publication afthesportation Research
Recorddgn October 2024.

Chapter 6 - Paper 4: Rutting Performance Evaluation of BMD Surface Mixtures with
Conventional and High RAP Contents Under FullScaleAccelerated Testing This paper
embarks on an exploration into thermanent deformatiofnutting) d six SMs incorporating
both conventional and high RAP contents, all examined undesdalé accelerated testing
with progressively increasing loading intensities. Central to this study are the carefully
orchestrated design of pavement test cells, an intiyodétailed traffic testing protocol, and
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meticulous rutting performance measurementss paper introduakan empirical rutting
model to incorporatenvironmentahging effectsTo deepen the analysis, a correlation study
is undertaken, bridging the gap between AR&asured rut depths and outcomes from two
laboratorybased rutting performance tests. As a final contribution, this work seeks to
validate and refine the existing VD@MD thresholds, adding a layer of rigor to current
standardsThis paper has been published in kha&terials

Chapter 7 - Paper 5: Cracking PerformanceEvaluation of BMD Surface Mixtures with
Conventional and High RAP Contents: Insights from Full-Scale Accelerated Testing
Program. This paper embaddon a thorough investigation into the cracking performance of
thesix SMs with both conventional and high RAP contents througkstidle accelerated
testing. This study encompasses the setup of APT pavement te&iroefiicking studyand
the traffic testing plan. A muHayered analysis unfolds, integrating longitudinal strain
monitoring, comprehensive field surveys, and an array of laboratory performance tests, each
contributing to an irdepth ranking of the mixtures under evaluatiemther, correlation
analyses bridge APT field data with laboratbigsed BMD performance tests currently
utilized by VDOT, specifically examining IDTT and Cantabro test results. Lastly, this
study juxtaposes the cracking performance insights with gutimformance results,
facilitating a balanced discussion on the primary performance attributes of the evaluated
mixtures, ultimately advancing the understandinthefimpact of BMD irsuface mixture
design.This papeis to be submittetbr publication inJanuary2025.

Paper 8 - Findings, Conclusion, and RecommendationsThis concluding chapter wraps up the
dissertation by distilling the essence of the research undersgattighting key findings,
and charting out insightful pathways for future exploration.
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CHAPTER 2 - Literature Review

2.1. RAP Usage

The use of RAP is greatly influencing asphalt mixture production and development
worldwide. While RAP usage has increased throughout the years, its growth plateanaticatal
average oaround 20% in 201@Vest and Copeland, 2015; Williams et al., 202@cording to a
survey conducted by the National Asphalt Pavement Association in 2019, the average RAP content
in asphalt mixtures was 21.1%, which remained the same as the precedi(\illeans et al.,

2020) Strict requirements have been placed on the use of RAP in asphalt mixtures by state
agencies; this is mainly due to perceptions of inferior quality and hurdles related to the source and
quality of RAP materials along with processing during productidgiefenderfer et al., 2021a).
However, some cauries have been pushing the boundaries of recycling and have been leading
the way in using relatively higher RAP contents; the Netherlands, for example, allows the inclusion
of up to 50% RAP in most asphalt mixtu(dsohajeri, 2015) With the implementation of a new
specification system in line with European standards (EN13108 series), Dutch contractors are able
to design and select their own composition as long as the performance requirements for the
resultant mixture are fulfilledn Japan, RAP conteaierages 47% in asphalt mixtures with RAP
fractionation, moisture control, frequent testing of RAP materials, and the use bERgsamong

the measures adopted by the Japanese industry to ensure that performance requirements are met
(West and Copeland, 2015

In theU.S., the environmental and economic benefits gdnyethe use of RAP in asphalt
mixtures have encouraged state agencies to introduce special provisions and specifications
allowing its use at relatively higher contents in mixturgaumanis et al.2013; Martin et al.,

2020. The increased use of RAP was expected to offset the continuously rising cost of asphalt
binders used to produce mixtures and fuel needed to transport and plac&aemar(is et al.,

2013; Martin et al., 2020In the U.S., thamount of RAP available in each state, its corresponding
performance, the various practices and standards being implemented, and other factors have led
the definition of HRAP asphalt mixtures to become state specific. In 2020, Habbouche et al.
performed aeview from multiple perspectives of the state of the practice on the use of recycled
asphalt materials and RAs in surface mixtukdéabfpouche et al., 203}l The review focused on

the permissibility and usage of RAP in mixtures alongside various otectasAccording to the
responses received from state agencies and according to an online search of specifications, special
provisions, and field trial / pilot projects, the allowable RAP content in mixtures varied from 15%

to 50% Habbouche et al., 208 For instance, California defines HRAP asphalt mixtures as those
containing 25% to 40% RAP and limits their productiospecial pilots. Kansas allows up to 40%

RAP content if the millings used correspond to the same field site where the resultarg mixtur

to be placed. In Nebraska and Vermont, the RAP content in HRAP asphalt mixtures ranges
between 25 and 50%; however, it was reported that the majority of asphalt mixtures use no more
than 20% RAP. In Georgia, mixtures that contain 30% and higher RAéntcare considered
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HRAP asphalt mixture#\ similar definition is being adopted by Missouri, North Carolina, South
Carolina, South Dakota, and Virginia. States such as Missouri and New Jersey do not specify an
upper limit on the RAP content as long as the resultant mixtures meestptdished speat
properties and performance requirements. Other states, such as Pennsylvania, require additional
testing and processing for mixtures with RAP content greater thanH&bbdguche et al., 2031l

The primary concern with HRAP asphalt mixtures is that they can become overly stiff due
to the increased amount afed bindeused, making them more brittle and prone to premature
cracking(Matrtin et al., 202Q)Numerous construction and performance issues can result from the
use of relatively higar RAP contents in mixtures such as challengoampactability and
workability in cool weather, thermal cracking, fatigue cracking, reflective cracking induced due to
repeated loading and daily / seasonal thermal stresses, and raveling with subsequent aging or
moisture damagéMartin et al., 202D The challenges arising from the use of HRAP asphalt
mixtures can be addressed through the use of softer binders and/or additives such as RAs.

2.2. RAP Mixture Design

The formal integration of RAP in hot mix asphalt (HMA) following the Superpave design
procedure was established through the NCHRP Projd&. Ihis project introduced a thréer
system based on the characteristics of the hardened RAP binder, and golelmalits were
developed for high RAP contentM¢Daniel and Anderson 200Q West et al., 2013
Subsequently, NCHRP Projedt4b, which focused on enhancing recycling practices, guided the
design of high RAP mixes using the RAP binder ratio as a critavanpeter. The recovery and
grading of the aged binder were key steps in the design proodssilitate the inclusion of higher
RAP quantities, the use of recycling agents like rejuvenators and softening agents has been
adopted. Rejuvenators, distinct from softening agents, are chemical agents that aim to restore the
physical and chemical progiees of the old binder, while softening agents primarily reduce the
viscosity of the aged bindeR¢berts et al., 1991The selection of an appropriate rejuvemgti
agent, ensuring compatibility with the aged binder, is crugiaJadi et al., 207).

However, uncertainties persist regarding the properties of the rejuvenated RAP binder. As
a result, RAP has often been relegated to |ldexel applications, not fully utilizing the potential
value of the asphalt binder present in the RE&umanis et al., 20)5Despite advancements in
this field, there remains a lack of consensus among researchers regarding the impact of RAP on
field performance, highlighting a continuing area of debate and investig&tieeng et al.
conducted a laboratory study and atvse that incorporating up to 20% RAP in asphalt mixtures
improved tensile strength and fracture resistdhlteang et al., 2004 However, increasing RAP
content to 30% significantly altered the mix's performance. Kim et al. found that mixes with higher
RAP content demonstrated enhanced rutting resistance but exhibited reduced fracture energy.
They noted that the use of softer knslin highRAP mixes could diminish rutting performance
(Kim et al., 2007)Researcheralsoreported that mixtures containing RAP generally exhibit lower
stiffness, reduced resistance to permanent deformation, and improved fatigue resistance compared
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to their RARfree counterparts. This behavior is likely attributed to the use of softer binders and
rejuvenating agent@Vidyatmoko, 2008)Apeagyei et al. observed that mixtures with both low
(0%) and high (25%) RAP contents exhibited similar rutting performances, with the optimal
performance seen in mixtures containing intermediate RAP levels (10% andApéapyei et

al., 2011) Meanwhile,othersfound that increasing RAP content led to an increase in complex
modulus, tensile strength, moisture damaggastance, fatigue life, and rutting resistance, while
thermal cracking resistance decreag@ttQadi et al., 2012)Additionally, McDaniel et al.
discovered that RAP addition increased the stiffness of the mixes, enhanced fatigue life, and did
not significantly affect thermal cracking resistaiibteDaniel et al., 2012)Izaks et al. observed

that high RAP content mixtures had higher rutting resistance compared to traditional mixes, with
similar mechanical properties such as fatigue resistance and st{firedsset al., 2015)

Numerous variables influence the characteristics of asphalt mixes, thereby precluding
broad generalizations regarding the effects of RAP. Factors such as the inherent variability of RAP,
the complexities in determining the interaction levels among virgidel, recycled binder, and
additives, as well as the unresolved questions surrounding rejuvenators, have necessitated the
development of novel mix design methodologi@¢est et al. 2018; Meroni et al., 2020)In
response to these challenges, the BMD ephwas introduced. This approach aims to effectively
design asphalt mixes with HRAP contents, ensuring favorable performance outZbmest al,
2006;Meroni et al., 2020)

2.3. The Definition of BMD

BMD is defined as AAsphal't mi x design us
conditioned specimens that address multiple modes of distress taking into consideration, mix
aging, traffic, climate, and | oc adafarneenFedenalt hi n

Highway Administration Expert Task Group on mixtures and construction (West et al., 2018; Yin
and West, 2021). The BMD method replaces some aspects of traditional volumetric design with
performance testing criteria for the most commonrelsses such as rutting and cracking. The
approach requires that raixture design pass performance criterimn approval. Additional
performance testing during production and construction may be required for mixture acceptance.
Although BMD mixtures cannot compensate for an unsound underlying pavement structure or the
selection of inappropriate maintenance timents, BMD constitutes a significant step forward in

the pursuit of betteperforming asphalt mixtures. Numerous state highway agencies aregookin
into designing and accepting asphalt mixtures using the BMD concept (West et al., 2018; Yin and
West, 2021). AASHTO PP 105, Standard Practice for Balanced Design of Asphalt Mixtures,
proposes four primary approaches to BMD for mixture design, labelddodgh D, having
increased reliance on performance properties over volumetric requirements. The potential of
innovation increases as compliance with the existing volumetric requirements decreases from
Approach A (volumetric design with BMD verification) &pproach D (BMD design only) (West

et al., 2018AASHTO, 2020; Yin and West, 2021; 280, 2022).

11



1 Approach Ai Volumetric Design with BMD Verification The current volumetric mix
design method (i.e., Superpave, Marshall, or Hveem) is utilized as a starting point for
determining the optimum binder content (OBThHe AC mixture is then tested with
selected mechanical tests correlated to field performance to assess its resistance to
distresses of interest at the OBC. If the mix design meets the performance test criteria, the
job mix formula (JMF) is established aptbduction begins. Otherwise, it is necessary to
repeat the entire design process.

1 Approach Bi Volumetric Design with BMD OptimizationThis approach is an
expanded version of Approach A. It also starts with the conventioqmaattice mix
design method for determining a preliminary OBC based on volumetric properties. The
AC mixtures with the preliminary OBC and two or more additionatlbr contents are
then tested with selected performance tests. The asphalt binder content at which the
corresponding AC mixture meets all performance criteria is then identified as the final or
target ORC. Otherwise, the entire mix design process needs to be repeated until all the
BMD test criteria are satisfied.

1 Approach Ci BMD-Modified Volumetric Designin this approach, initial component
material properties, proportions, and OBC are established using the current volumetric
mix design method. Following the performance test, binder content or mix component
properties are adjusted (for example, aggregasgalt binder, recycled materials, and
additives) until the performance criteria are satisfied. The idea of this approach is to
primary focus on meeting performance test criteria and not necessarily alluheewit
criteria.

1 Approach Di BMD PerformanceOnly. This approach establishes and adjusts mixture
components and proportions basederformance analysis with limited or no agency
requirements for volumetric properties. Upon meeting the performance criteria in the
laboratory, the mixture volumetrics may be checked for use in production.

24.StateBMD Efforts

The National Center for Asphalt Technology (NCAT) conducted a survey of State
Highway Administrations (SHAs) and the asphalt pavement industry. A208f) the
implementation status of BMD in the U.S. is presented illustratedyumne 1-1 Figure 2-1.
Numerous state highway agencies are looking into designing and accepting asphalt mixtures using
the BMD concept.
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Figure2-1. Implementation Status of BMD Concept in the United States (NAPA 2020).

California has implemented a comprehensive framework for BMD mixtures,
encompassing performanbased specifications and its mechanistic empirical design program,
CalME. These mixtures are predominantly designed for and applied to pavements with very high
traffic volumes. In this framework, BMD specifications are specifically directed atptadticed
mixtures. The performance testing protocol within this system includes the Repeated Simple Shear
Test (RSST), Bending Beam Fatigue (BBF) test, and the HambineelTrack Test (HWTT)
(Harvey et al., 2014)

The lllinois Department of Transportation (IDOT) is currently adopting the
implementation of BMD Approach A. As part of this process, IDOT mandates the execution of
the HWTT, lllinois Flexibility Index Test (FIT), and a modified version of the Tensileedigth
Ratio test. These tests are crucial for assessing pavement susceptibility to rutting, fatigue, and
moisture damage, respectively. A publication byQedi et al. (2019) introduced a lotgrm
aging protocol for the-FIT, proposing the use of forcebtaft ovens for aging compacted
specimens.

The lowa DOT predominantly designs its asphalt mixtures using the conventional
Superpave volumetric approach. However, for mixtures intended forhgimwvolume traffic or
those produced with specific aggregate mineralogy, an assessment for ruttirencesist
mandatory. This assessment, conducted by either the contractor or an external mix design
laboratory, involves the HWTT. The testing temperature for the HWTT is determined based on
the Performance Grade (PG) high temperature of the asphalt bind&erimore, for specialized
asphalt mixtures, additional performance testing and acceptance criteria may be necessary. In
addition to these existing protocols, the lowa DOT is contemplating the inclusion of the Disc
Shaped Compact Tension Test in their Bfi@mework. This test would be used to evaluate the
mi xXturebs resistance to ther mal cracking, as
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The Louisiana DOT has adopted the BMD Approach A, which integrates conventional
volumetric criteria with loaded wheel tracking (LWT) and S&ircular Bend (SCB) tests. These
tests are utilized to assess rutting and intermediate temperature crackingfjwelspas part of
their streamlined performandmsed specifications. The process for roadway acceptance testing
involves the collection of 25 random cores from five sublots, with each sublot providing five
random cores. Some of these cores are usedefosity measurement and verifications, while
others are subjected to LWT and SCB testing, as outlined by Mohammad et al. (2016). Ongoing
efforts are focused on evaluating variations in test parameters across different specimen types
(such as those from mdesign, planproduced, and field cores), developing an accelerated aging
protocol, and integrating the SCB test into the quality control process.

The New Jersey DOINJDOT)is currently employing the BMD Approach A for a variety
of asphalt mixtures. These include RAP mixtures, {pgtformance thin overlays, bindech
intermediate courses, botterich base courses, and bridge deck waterproofing surface courses.
The perfornancetesting protocol, applied during both the mix design and ygesduction stages,
encompasses APA testing at 64°C, Tensile Strength Ratio and Overlay Test (OT) at 25°C, and
BBF testing at 15°C. For high RAP mixtures, the maxin APA rut depths after 8,000 cycles at
64°C are set at 4.0 mm for modified asphalt binders and 7.0 mm for unmodified binders.
Furthermore, the minimum number of cycles to failure using the OFIR#P SMs is established
at 275 cycles for modified mixtures and 200 cycles for unmodified mixtures. For high RAP
intermediate and base mixtures, the required number of overlay test cycles is reduced to 150 for
modified mixtures and 100 for unmodified mix@sr Bindetrich intermediate courses and high
performancehin overlays are mandated to have APA rut depths of no more than 6.0 mm and 4.0
mm, respectively, and a minimum of 700 and 600 overlay test cyigclasnove towards simpler
and faster testing methods, such as the IDT at intermediate and high temperatures to evaluate
cracking and rutting, preliminary thresholds for IDT strength at high temperature and the Cracking
Tolerance Index (Cihdex) at intermediate temperature have been identified. These are currently
under further investigation for potential inephentation, as reported by Bennert et al. (2020). This
approach signifieslJDOT's commitment to refining and enhancing testing procedures for optimal
asphalt mixture performance.

The Texas Department of Transportation (TXDOT) currently employs the BMD Approach
A for specialized asphalt mixtures, including porous friction courses, Stone Matrix Asphalt, thin
overlay mixtures, and hot dplace recycling of asphalt concrete surfaces. This approach
necessitates the use of the HWTT and OT to assess the mixtureanopestst rutting/moisture
damage and reflection/botteap cracking, respectively. The Superpave volumetric mix design
criteria are utilized to establish an OBC, after whivh HWTT and OT are applied to evaluate
specimens at three different binder contents: OBC, OBC + 0.5%, and OBC + 1.0%. The final OBC
selection is based on fulfilling the requirements of both téskditionally, Zhou et al. (2020) have
proposed a quality control/quality assurance (QC/QA) acceptance protocol incorporating practical
performanceelated tests suitable for production QC, such as the IDT at intermediate and high
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temperatures. This protocol involves sampling and conditioning produced loose mixtures at 135°C
for 2 hours, followed by compacting performance test specimens toamdievel of 7 £ 0.5%.
The proposed QC production acceptance criteria include a mmi@iuindex at 25°C of 105 and
a minimum IDT shear strength of 1.02 MPa at 50°C (Zhou et al., 2020).

An increasing number of states are actively engaged in initiatives related to the Balanced
Mix BMD approach. This list includes, but is not limited to, Florida, Georgia, Indiana, Minnesota,
Nebraska, New Hampshire, New Mexico, Ohio, Oklahoma, Oregon, $makbta, Utah, and
Wisconsin. These states are part of a growing trend, recognizing the importance of BMD in
advancing pavement design and performance (Diefenderfer et al., 2021a).

25.Virginia B MD Efforts

As one of these agencies, the VDOT has been working towards the implementation of
BMD for several years. VDOT had been experiencing increased surface cracking over several
years, and BMD was considered as a means to address cracking concerns. Anotitesf benef
moving toward BMD that was attractive to VDOT was the opportunity to consider innovations in
mixture designs. The efforts began during a time of interest in the use of high RAP contents and
stemmed from the concern about the potential performantteesé mixture and knowledge that
volumetric design could not account for the performance of mixtures with higher RAP contents
and/or other additiveiefenderfer et al., 2023)

In 2007, VDOT introduced specifications to allow higher percentages of RAP (i.e., up to
30%) in SMs without adjustment of the virgin binder grade. By 2013, VDOT had begun to consider
the feasibility of allowing the use of SMs containing up to 45% of RAERna(Diefenderfer et
al., 2021b)Field trial projects featuring the use of-48% RAP contents in surface mixtures were
constructedNair et al., 2019)In 2017, VDOT began to evaluate the feasibility of introducing
performance requirements into mixsign using the BMD method. In January 2018, an initial
effort was undertaken to provide benchmark indications of performance for several conventional
unmodified mixtures typically used in Virginia to support proposed pilot projects containing
higher RAP catents.Three fast, simple, and practical performamgcative tests addressing
different modes of distress were selected for use as part of the BMD method. The selected tests
were Cantabro test, the indirect tensile cracking test-@D7 at intermediat temperature, and
the asphalt pavement analyzer (APA) rut test for assessing the overall potential for durability,
cracking, and rutting of asphalt mixtures, respectivieijial performance threshold criteria were
then developed for the selected tests: a maximum of 7.5% mass loss for the Cantabro test, a
maximum of 8.0 mm of rut depth at 64°C for the APA rut test, and a minimum CT index of 70 for
the IDT-CT at 25°C. Moreoer, Diefenderfer et al. assessed and validated the developed
performancebased spefications for surface asphalt mixtures produced using unmodified asphalt
binders prior to full implementation in Virgini@iefenderfer et al., 2021Habbouche et al.,
2022).
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Two VDOT BMD special provisions were then drafted and revised for use in pilot projects:
Special Provision for HRAP Content Surface Mixtures Designed Using Performance Criteria and
Special Provision for Dense Graded Surface Mixtures Designed Using Perferi@ateria. In
2019, two field trials were planned and executed to design, produce, and place BMD mixtures in
Virginia. These field trials constituted the first applications of these BMD specifications. Nine
mixtures were evaluated from the two fieldats; the mixtures incorporated combinations of
different RAP contents, two binder grades, two RAs, and two warm mix asphalt (WMA) additives
(Diefenderfer et al., 202)bin 2020, additional field trials featuring the use of higher RAP content,
softer binder, RAs, and various other additives such as fibers and softening oils were planned and
constructed. Based on the test results, mixtures containing a softer bindeRA®%nNd RAs
may be designed and produced to meet current BMD performance thresholdsiresrd
volumetric properties, gradation, and asphalt content requirements. However, thertoriigld
and laboratory performance of all these mixtures needs to be evaluated to verify these early
findings (Diefenderfer et al., 2023Currently, VDOT allows the incorporation of RAP contents
up to 30% in densgraded SMs with A an@®. The "A" designation corresponds to a PG24
asphalt binder, while "D" corresponds to a P&2binder. These mixtures are intenfledraffic
loads of 0 to 3 million equalent single axle loads (ESALs) and 3 to 10 million ESALs,
respectively.

2.6. Laboratory Performance Tests

Laboratory performance tests play an essential role in the BMD process, as they serve not
only to guarantee the production of sustainable andaftesttive materials but also to validate the
long-term performance of HRAP asphalt mixtures. Various perfoo@dests may be conducted
to support the mix design and quality control. It is essential to undertake a comprehensive
evaluation of the performance of mixtures by analyzing the results of various performance tests
for rutting and cracking the primary disesses of concern

2.6.1. Rutting Tests

2.6.1.1.Flow NumberTest

By applying haversineompressivdoad pulses(represented ifrigure2-2) and recording
the cumulative deformation as a function of a number of load cycles, the repeated load test was
initially developed to identify the permanent deformation characteristics of HMA mixtres.
certain testing stress level must be selected in order to achieve tertiary flow in a reasonable number
of cycles not exceeding 10,008ccording to AASHTO T378, the use of confining pressure is
optional but, if used, it must be maintained at a constant level throughout the test. The flow number
(FN) is defined as the number of load cycles corresponding to the minimum rate of change in
pemanent axial strain, which marks the onset of the tertiary region (as depi€igdre2-3). In
other words, FN indicates the initiation of shear deformation in asphalt mixtures, serving as a
meaningful indicator of rutting resistandeesearchers alagsed this repeateddd test forcold
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recycling materialsapplying a loading stress level of 138 kPa (0.1 s loading with 0.9 s rest) at 40

and
et al., 2009).
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2.6.1.2 AsphaltPavemenfAnalyzer(APA) Rut Test

wa s

obt ai

The Asphalt Pavement AnalyzéAPA) (shown inFigure 2-4) is aloadedwheeltester

(LWT) that checks for permanent deformation (rutting), fatigue cracking, and moisture

susceptibility in both HMA and CR mixtures. A numberegyclingmixtures containing hot lime
slurry have been tested by APA for rutting resistance and moisture damage (Cross, 1999). Another
feature of APA is that it can be used to perform Hamburg Loaded Wheel Test (HLWT), Loaded
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Wheel Fatigue Test (LWFT) and Asphalt Pavement Analyzer Testing (Cox and Howard, 2015).
The APA rut test was performed on specimens prepared from loose mixture collected during
productionin accordance with AASHTO T 340he APA rut test was performed on specimens
150 mm in diameter by 75 + 2 mm in height compacted usiggaory compactoto in-place

and 7 + 0.5% air voidsThis test simulates rutting in the laboratory by applying a loaded wheel
back and forth over a pressurized rubber tube located #hengurface of the test specimen at a
temperature of 64°@hich is equal to the high PG temperature of the employed asphalt.binder
After 8,000 cycles were applied, the deformation of the specimen was me&suirealch miture,

two replicates were tested, aanl averag&as eported.

Figure2-4. AsphaltPavementAnalyzer

2.6.1.3.HamburgWheelTracking (HWT)

To determine the rutting and stripping characteristics of asphalt mixtures, the HWT
simulates traffic loading on specimens. In the HWT test, a steel wheel moves (around 52
passes/min) across a pair of asphalt mixing asphalt mixture specimens submergedrin w
Through the use of a linear variable displacement transducer (L\#2ryt depth is measured at
11 points in the wheel's passing direction (Bairgi et al., 2022).

2.6.1.4. StresSweepRutting (SSR)Test

SSR test was performed in accordance with AASHTO TP 134 to assess the resistance of
mixtures to rutting under repetitive loadirggmulating the conditions experienced by pavements
under repeated traffic loadSSR testing was originally motivated by NCHRP Projeet ®9which
showed that mixtures are sensitive to load level, loading history, and temperature under deviatoric
axial loads Four specimens were subjected to a confined cyclic compression testing at two
different temperatureSY and”Y). In both cases, the specimemare subjected to three 2@fcle
loading blocks of three deviatoric stréssels, and constant confining pressure of 69 kiPthe
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testing, the permanent deformation of specimens is measured with its deviatoric stress, loading
history, and temperature. Once a shift model is establihepermanent deformatioof asphalt

layers as a function of pavement depth and ticen then be predicted by the pavement
performance prediction program, FlexPARE(Ghanbariet al., 202). The rutting strain index

(RSI) represented by FHWA, with the support of the shift model built by SSR, can be used as a
rutting indicatoGhanbaret al., 202). TheRSI isthe percenaverage permanent strain calculated

by repeating 30 million 1&ip equivalent singlaxle load (ESAL) over 20 years on a standard
pavement structur@&hanbaret al., 202). A lower RSl value is an indicator of a greater resistance

to rutting for a given mixture.

2.6.2. CrackingTests

2.6.2.1.Indirect TensileCracking Test {DT-CT)

IDT-CT is abasic tes{also known as IDEALCT) commonly usedby state agencies and
was incorporated into the BMD approach for VD@Tevaluaé mixture resistance t@racking
The test was conducted at 25°C on SGC specimens 150 mm in diameter and 62 mm in height
compaced to 7 £ 0.5% air voids in accordance with ASTM D8225. During thegestimens
were subjected to a constant lelde displacement rate of 50 £ 2 mm/mitecracking tolerance
index(CT index) waghen calculated from the test lodsplacement curve / data. Five specimens
were tested for each mixture and an average CT index was reported.

2.6.2.2. TexasOverlay Tester (OT testing)

To evaluate cracking susceptibility, the OT testing simulates the reflective cracking
mechanism of opening and closing joints and/or cra8rdi et al., 2022). A cylindrical
specimen of 150mm in diameter and 100mm in height is cut into a specimen of 50mm in height
and 76mm in width. With epoxy, the specimens were attached to the testing plate and cured for 24
hours. The test specimen is subjedted triangular cyclic displacement with an amplitude of
0.025 inches, and the required load is measuredteBhends up with a target percent reduction
(93%) of maximum load. Critical fracture energ®) and crack propagation rate are determined,
describing the fatigue and flexibility properties of the specimen during crack propagation.

2.6.2.3. Semicircular Bending (SCB)

The SCB method is a thrgmint bending test performed on a semicircular specimen with
a notch. The tension produced at the bottom of the sample leads to crack propagation. An
evaluation of strain energy (U) andhiegral wasompletedn this studyThearea under the load
deformation curve igefinedas the strain energy. The linear elastic fracture mechanics describes
the strain energy, which is the energy required to create a unit area of a crack. On the other hand,
Jintegrals indicate critical fracta energies or critical fracture resistances cracks (Bairgi et al.,
2022).
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2.6.2.4 Direct Tension Fatigue Test

Direct tension cyclic fatigue tests were performed using the AMPT machine in accordance
with AASHTO TP 107. Theimplified viscoelasticontinuum damage (8ECD) model was used
to assess the fatigue characteristics of the six mixtlitescyclic fatigue test was performat
24°C on specimens 100 mm in diameter by 130 mm in height cored from samples 150 mm in
diameter by 175 mm in height compacted from loose mixtures colléctedthe plantduring
production First, dynamic footprint testing was performgdcalculate a dynamic modulus ratio
(DMR). The number of cycles to failure {Nf the test specimens was determined when the phase
angle omodulus value multiplied by the nunrbef loading cycleg|E*|xN) reaches a maximum
value followed by a sharp drgpnderwoocdet al., 201).

The SVECD model developed by Underwood et al. was used to predict the cumulative
damage for different loading histories under different temperatures as it incorporates time
temperature superposition principle and the pseudo strain energy cddoeetwoodet al.,

2010. The pseudo strain energy is dependent on both pseudo strain and pseudo stiffness; the
pseudo strain was determined using Equa2idn

- — 00 t—Af(Q Equation 21

Where- = pseudo strain; t = timd;=reduced time; E(t) = relaxation modulus; strain;
andO = the reference modulus.

Based on assumptions frorVECD theory, in the quastatic cyclic status, the simplified
- is shown in Equatior2-2. The pseudo stiffnesgC), presented in Eetion 2-3, gradually
decreasefrom 1 to nearly 0 and indicates the material condition from its intact state to failure.

With the pseudo energy concept, the relationship between C and S, known as damage characteristic
curve (GS curve), can be determined using in Equafahn

- Ost- Equation 22
0o — Equation 23
0 p 0°7Y Equation 24

Whered0 ando are the model coefficients.

The'O failure criterion, determined using Equatigb can be applied to the-BECD
model. O can serve as an indicator of toughness for the evaluated material, as demonstrated in
Figure 5b, where a higher value signifies greater resistance of the material to dafaage( al.,

2020.

O - Equation 25

To define the mixturesd fatigue péyr ),or manc
considered both the material 6s modil mambeand t o
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found inEquation 9 \Wanget al., 202D and conductedith FlexMATE for Cracking, an Excel
based tool provided by the Federal Highway Administration (FHA049.

2.6.3.Multi -level Performance Evaluation

Meroni et al. defined three levels of performance tests (basic, intermediate, and advanced)
based on degree of complexity, cost, time, and training require(hatsni et al., 202)L

1 The basic leveincluded tests characterized with a short time for the specimen
preparation and testing without requiring any specific cutting, coring, and gluing. Simple
performance tests are noteworthy due to their practical features such as easy execution,
reduced exenses, and timgaving. For instance, the Cantabro mass loss test an@TDT
at intermediate temperature were selected by VDOT for BMD implementation.

1 Theintermediateleveli ncl uded tests that require | ong:¢
preparation and testing. The APA rut test was also selected by VDOT for BMD
implementation.

1 The advanced levefeatures tests that require operations of cutting and/or coring to
prepare the specimens as well as multiple days to be able to complete and analyze the test
results. These tests usually require the use of the Asphalt Mixture Performance Tester
(AMPT). The development of AMPT was initiated through National Cooperative
Highway Research Program (NCHRP) Projectl@qWitczak et al., 201jland NCHRP
Project 0929 Bonaquist et al., 2003The AMPT-based tests provide fundamental
propertiestiat are used in a pavement mechanistipirical (ME) design framework
(e.g., AASHTOWare® Pavement ME and FlexPaveTM) for structural pavement design
and assessment. Examples of advanced tests include the dynamic modulus (|E*|) test, the
direct tension cy@t fatigue test (CF), the stress sweep rutting (SSR) test.

A summary of the tests across different categories is presenkaguire 2-5. The tests
highlighted in red are those utilized in the evaluation within this dissertation

21



Intermediate

« SCB-LTRC ,
* Flexural B Beam T
" + IDT-CT (Ideal-CT) - L-FIT ) (‘e:I‘i'cr“Fatie':i‘;itegf" est
racking [CT index| +  Fenix Test Cyelic Fatigue Test (5-
VECD test) [S
« Texas Overlay Test (OT) VECD test) [Sapy |
* lexasQverlayTest(O1) |  ~—  ~ ~— " |
" . HWTD . (C(?lr;l{;;led Flow Number
Rllttlllg * HT-IDT * Asphalt Pavement . %t/rc« Sweep Rutting (SSR)
Analyzer [APA rut depth] iRsij : 18458
— - — T —

Durability *  Cantabro Test [CML]

Figure2-5. Multi-level laboratory performance tests.

2.7. Accelerated Pavement Testing

In addition to performance testing and evaluation in the laboratory, APT serves as a
valuable tool to bridge the significant gap between ME design models developed using laboratory
material testing characterization and the actual-tengn pavement perforamce monitoring. APT
offers a means to assess the performance efdale constructed pavements in an accelerated
manner. This involves deliberately applying wheel loading, typically surpassing-signdead
limit, to a pavement system to assess égponse within a significantly cdeansedimeframe.
Therefore, it provides insights that complement ergn pavement performance monitoring and
analysigHarvey and Popescu, @0). This accelerated evaluation is accomplished through several
means, including intensifying the number of load repetitions, adjusting loading conditions,
introducing specific climatic conditions in terms of temperature and moisture, implementing
thinner paements with reduced structural capacity, or employing a combinationsef thetors
(Steyn 2012.

Numerous research institutions worldwide have developed and utilized APT facilities to
investigate a vast array of topics. In South Africa, studies have delved into large aggregate mix
bases, granular emulsion mixtures, rehabilitation strategies for cetabilized base pavements,
and porous asphalD( Plessiset al., 200%. In 2020, Rust et al. evaluated two nasi@ane
modified, emulsiorstabilized pavementsnder APT(Rustet al., 202). In the Nordic region,
institutes such as VTT in Finland and VTI in Sweden have examined common Finnish pavement
structures, assessing the efficacy of faidfill maintenance treatments aimedratreasindoad
bearing capacitie®u Plessi®t al., 2008 In France, pioneering research on electric road systems
is gaining momentum, with the Charge As You Drive (CAYD) profuiducting APT test on
inductive charging systen®fline resource: CAYD projectinthe U.S.Cal i f or ni adés APT
have exploreda diverse suite of materiélsdensegraded asphalt concrete, asphalt rubber,
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aggregate base, cemdrgated base, and asphimiated permeable ba@elessiset al., 20080
culminating in refined damage models that were calibrated using data from the Heavy Vehicle
Simulator (HVS) for theCalifornia Mechanistieempirical software package (CalMEY(lidtz et

al., 2009. The Florida Department of Transportation (FDOT) has conducted assessments on the
effects of polymer modification of Superpave mixtures, rutting performance of coarse and fine
grained mixtures, the implementation of P&22 Asphalt Rubber Binder in Florid®y( Plessis

et al., 2006Greeneet al., 201%. Furthermore, rutting performance evaluations ofrhiatasphalt

(HMA) and warm mix asphallWMA) concrete under high aircraft tire pressures and elevated
temperatures were conducted at the National Airport Pavement and Material Research Center
(Garg et al., 2018 Across the Pacific in China, tegown cracking has been a focal point, with
researchers deploying a portable seismic property analyzer to monitor modulu®redidieiing

a novel approach to evaluating pavement fatigue under APT simul@tianst al., 2018 Each

of these initiatives underscores the dynamic and regpecific applications of APT, as
institutions worldwide work to unravel the complexities of pavement performance under
accelerated conditions.

In the U.S., Virginia is among the states that have implemented the use of APT facilities
for pavement evaluation purpogg@sgure2-6). In 2015, a collaborative experiment between the
VTRC, VDOT, and Virginia Tech was initiated and executed at the Virginia APT facility located
at the VTTI. The experiment encompassed three major studies, including the investigation of the
impact of different overlays on cold central plant recycling (CCPRterial(Xue et al., 2017;

Xue et al., 2020; Flintsch et al., 202)e assessment of field performance of two distinct dense
graded SMs designed with varying design gyration levels (50 an@V@&spni et al., 202Q)and

the examination of reflectiorracking. In 2020, another effort was planned and initiated to assess
the application of the BMD concept in designing durable and lelagéng mixtures in Virginia

with a particular emphasis on mixtures incorporating relatively higher RAP contents. The
overarching scope of the effort included the development of the APT experiment, verification of
mix design performance, documentation of paving operations and construction practices, and
mixture sampling during production. Moreover, it included coring gflased material, testing

and analysis of the volumetric and performance properties of mixtures, actual testing using a HVS
for rutting and cracking studies, analyses of collected pavement responses and generated data, and
documentation of observations dedsons learned. A total of six experimesating lanes were
constructed. These lanes featured the use of typical and high RAP contents, RA, softer binder, and
WMA additive.
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Figure2-6. Virginia APT facility and field onstruction at VTTI.

2.8. Machine Learning

In the current landscape, characterized by the exponential growth of data and the
continuous advancement of iterative algorithms, the reemergence ajpptbachepresents a
promising avenue founcovering nonlinear interactions among constituent factors within large
datasets, thereby enhancing predictive accuracy across various donciudsng pavement
engineeringSome commonly used ML models are introduced below:

2.8.1. Support Vector Machines

Support Vector MachineSVM) is first developed by Cortes and Vapnil©95. It can
virtually transform inherent nelinearly related data in higher dimension space and separate them.
(Nonlinear relation hopefully tends to be separable in different dimensions from the original one).
A quick illustration is shown in the followinfigure. This aim is achieved by incorporating kernel
functions such as radial kernel and polynomial kernel functions. The kernel function will help to
calculate the high dimensional relationship between eaiclopnodes (data) so as to find the soft
margins(Figure2-7). It is noting the accuracy of the SVM is strongly affected by the type of kernel
function you selected. Gungor and-@hdi already utilized this algorithm to develop ML model
for airfield pavement response prediction (Gungor ar@4adli, 2018)Support Vector Regression
(SVR) extends the concepts of SVM to solve regression problems, aiming to find a fufgtion
that has at mogleviationfrom the actually obtained targetsfor all the training datdntroduced
by Vapnik et al. (1996) SVR is grounded in the principles of statistical learning theory and
structural risk minimization, which seeks to minimize an upper bound of the generalization error
rather than the training error. This approach allows SVR to achieve high generalization
performance, making it robust to overfitting, especially in fdghensional spaces.

1 This figure is stored in VTTI CSRI project folder.
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Kernel
Function

Figure2-7: Separate-D data in 3D dimension virtually GungorandAl-Qadi 2018)

2.8.2. Artificial Neural Network (ANN)

The ANN algorithm has its roots in biological neuron systems. ANN algorithms are
efficient at detecting nonlinear relationships between inputs and outputs. The architecture of an
ANN consists of three layers: an input layer, a hidden layer, and an cayput&nd each layer
consists of neurons (nodes). Each node is connected to another neuron and has a weight and
activation threshold associated with it. Training an ANN model involves adjusting the weights of
all nodes by minimizing the error between oupand actual targets. The activation threshold is
described as an activation function. How well an ANN learns a dataset depends on the choice of
the activation function. The ANNO6s architectu
be solved. Aquick look at the specific architecture is shown below. Kim et alqebuilt the
ANN-based predictive model for dynamic modulus. And ANN was bgesiao et al., 20090
predict pavement fatigue lif@&igure2-8).

Input layer Hidden Output

Ry, = the percentage of rubber in the binder; R, = the percentage of RAP in the mixture; &=
initial flexural strain; FFA= Volume of Voids filled with asphalt binder; § = initial mix stiffness;
Ny= fatigue life.

Figure2-8. Example of thredayer ANN architecture (Xiao et al., 2009)
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2.8.3. Random Forest

Random ForeqtRF) stands out as a versatile and powerful ensemble learning méthod
operates by constructing a multitude of decision tckesg the training phase. The idea is to
create an ensemble (forest) of trees where each tree is slightly different from the others. This
diversity is achieved by using a random subset of the training data to build each tree and by
randomly selecting a subsédtfeatures at each split in the construction of the tf@eman 2001)).

During predictions, RF aggregates results by taking the majority vote from classification trees or
averaging predictions from regression trees. This aggregptmsesshelps in impoving the
predictive accuracy and mitigating ovféting-a common problem in decision tree mod&5E:s
versatility is a key strength, as it adeptly handles both categorical and continuous data while
remaining robust to outliers and nonlinear déaeiman 2001). Furthermore, RF provides
valuable insights into feature importance, facilitating the straightforward identification of the most
influential variables contributing to the prediction proc€aso and Hao (2021) took RF to predict

the location of ptential damage on asphalt pavement. Rahman et al (2021) explored the RF to
assess the indirect tensile stren@rf.structure are representedrigure2-9.

Final result

Figure2-9. Random forest structure (Online resource).

2.8.4. ExtremeGradient Boosting

XGBoost, short for Extreme Gradient Boosting, is an advanced and highly efficient
implementation of gradient boosting machif@benandGuestrin 2016§. XGBoost hagurrently
gained popularity in the machine learning community, emerging as a highly competitive algorithm.
This acclaim stems from its adeptness in managing-ogke datasets, its exceptional predictive
accuracy, and its fast, efficient, and osemrce implemaation. Moreover, XGBoost offers a
commendable selection of default splittingteria, as well as weltonsidered criteria for

2 Online resourcehttps://images.app.goo.gl/Fx86R7gCP5UK1Kch8
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determining when tostop splitting. Furthermore, it incorporates btiilt regularization
mechanisms designed to mitigate the risk of overfittigenandGuestrin 201§.

2.9. Summary of Literature Review

The literature review provided a comprehensive understanding of the current state of RAP
usage across differen¢gions and the implementation status of the BMD approach by various
transportation agencies. The diverse range of performance tests, employing varying loading
methods and mechanical principles, offers valuable tools for predicting the performance of
designed asphalt mixtures terms of rutting and crackingt the laboratory scale. The well
established application of APT further supports the validation of laboratory tests and field
performance evaluationdloreover, the widespread use of machine learnedpriiques and
models in engineering has been recognized as a potential solution to address limitations in
traditional methods and realorld challengesWith their powerful ability to explore complex
nonlinear relationships and make accurate predictions, these techniques demonstrate significant
potential foroptimizing asphalt mixture desigrOverall, the literature review offerdetailed
backgroundghallengesand methodological support for the research.
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CHAPTER 3 -  Multi -Level Performance Evaluation of BMD Surface
Mixtures with Conventional and High RAP Contents: A
Case Study in Virginia®

3.1. Abstract

This study investigated one control and five BMD optimized asphalt surface mixtures, four
of which had high RAP contents (HRAP mixtures), using laboratory performance tests
characterized with different levels of complexity. The performance of the evalmateoles was
assessed based on durability, rutting resistance, and cracking resistance as emphasized by BMD.
The study explored the ranking of a single index and correlations among various indices. Assisted
by 3D and ternary plots, this study also progtdsa novel CPI that combines major indices
(durability, cracking, and rutting) to evaluate the performance of BMD optimized mixtures. The
results revealed discrepancies between basic/intermediate performance test results and advanced
performance test regal The comparisons conducted also underscored the beneficial impacts
derived from using softer binders and/or recycling agents in HRAP mixtures. Furthermore, the
findings indicated that the BMD approach can serve as an effective framework for designing
aghalt mixtures that simultaneously enhance both fatigue cracking and rutting performance.
Moreover, the study revealed HRAP BMD surface mixtures can exhibit superior overall
performance when compared to conventionally designed control mixtures.

Keywords: reclaimed asphalt pavemertigh RAP, asphalt concrete, balanced mix design,
performance, implementation, accelerated pavement testing, correlations, recycling agents.

3 This paper has been published in tii@rnation Journal of Pavement Engineeri@jtation: Tong, B., Habbouche,

J., Diefenderfer, S. D., & Flintsch, G. W. (2024). Mdével performance evaluation of BMD surface mixtures with
conventional and high RAP contents: a case study in Virginia. International Journal of Pavement Engineering, 25(1),
2325%09.Contribution:Conceptualization: Lead; Methodology: Lead; Resources: Efadd; Processing and

Analysis: Lead; Laboratory testing: Leadisualization: Lead; Writing original draft: Lead; Writing review &

editing: Lead.
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3.2. Objective andScope

The 2020 APT testing lanes were among the trials that served as the first application of the
BMD special provisions to production. They provided an opportunity to evaluate the impact of the
specifications on the design, production, quality control andassel practices, and construction
of SMs. The specific objectives of this paper are to document the process of developing a control
mixture and five engineered mix designs using the BMD concept and to provide a comprehensive
laboratory evaluation of mixtas sampled during production using multiple levels of performance
testing complexity (basic, intermediate, and advanced). Subsequently, this study presents the
ranking results based on singular performance tests. Additionally, -dapth analysis is
conducted to investigate the relationships and distinctions among various laboratory performance
test results, aiming to uncover potential discrepancies that may arise when different levels of
performance tests are used. This investigation extends beyonduaispegrformance index and
involves the exploration of optimized mixtures based on the BMD design by examining the
correlations between primary performance tests and recommending a novel CPI. As a visual aid,
a 3D plot, complemented by a ternary plotpreposed to effectively depict the internal "balance"
state among the three primary performance indices. The utilization of this visualization tool allows
for a thorough understanding of the impact of BMD optimization efforts on the evaluated mixtures.

3.3. Experimental Program

A total of one control and five BMD 9.5mm dergeaded SMs were designed, produced,
and sampled for evaluation in this study. The mixtures incorporated various combinations of RAP
contents, two binder PGs, one RA, and one WMA addifive2 RAP content in the mixtures was
determined based on the total weight of the mixtu€essidering the scale of the plant production
for Virginia APT project, the materials weweell-controlled and the RABsefor all mixtures was
the sameThe RA, a product derived fromalt oils and fatty acids, was added to the mixtures in
addition to the virgin and RAP binders so that there was no partial replacement of either the virgin
or RAP binders with the RA. A00% blending ratio waassumedandthe design asphalt contents
accounted for the contribution of asphalt binder from RAP matefiaks WMA additive used is
a biobased product that is also used as an antistrip agent. The mixtures are defined as follows:

1 30_C: a norBMD mixture serving as a control wi0% RAP content and PG 642
binder (S denotes standard traffic). This
Superpave mix design methodology with the optimum binder content (OBC) selected for
voids in total mixture (VTM) of 4%.

1 30_0: a BMD optimized version of mixture 30_C featuring the use of 30% RAP content
and a PG 6422 at a relatively higher OBC when compared to mixture 30_C. The
optimization process involved adjusting the aggregate gradation and increasing the
asphalt bindr content.
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1 45 HR: a BMD optimized HRAP mixture with 45% RAP and PG-@2%inder. This
mixture design resulted in a much higher OBC when compared with all other evaluated
mixtures. No softer binder or RA were used during the design and production of this

mixture.

1 45 HR_RA: a BMD optimized HRAP mixture with 45% RAP, PG &binder, and an

RA.

1 45 HR_L: a BMD optimized HRAP mixture with 45% RAP and a softer binder, PG 58

28.

1 60 HR_ L RA: aBMD HRAP mixture with 60% RAP, a softer binder (P&88 and

an RA.

The BMD optimized mixtures were designed following VDOT BMD specifications using
Approach D (Performance Onlj)Vest et al., 2018; Yin and West, 202Ihe design volumetric
properties and gradations of all mixtures are shoWrabie3-1. The BMD performance properties
of the six mixtures at OBC determined during design are also shoWwabie 3-1. During the
design stage, the shddrm oven aging (STOA) protocol consisted of 2 hours at compaction
temperature foCantabraand APA tests, and 4 hours at compaction temperature for th€TDT

Table3-1. Volumetric Properties and Gradations for APT Mixtw&esign

Mixture ID 30 C 30 O 45 HR 45 HR RA| 45 HR L |60 HR L RA
Description Non-BMD BMD BMD HRAP | BMD HRAP | BMD HRAP | BMD HRAP
Composition

RAP Content, % 30 30 45 45 45 60
Asphalt Binder PG 64822 | PG 64822 | PG 64822 | PG 64822 PG 5828 PG 5828
Additives WMA WMA WMA WMA + RA WMA WMA + RA
Property

Ndesignh gyrations 50 50 50 50 50 50
NMAS, mm 9.5 9.5 9.5 9.5 9.5 9.5
Asphalt Content, % 5.6 6.0 6.8 6.2 6.0 6.0
RBR 0.24 0.22 0.29 0.32 0.33 0.44
Rice SG (Gm) 2.531 2.517 2.497 2.519 2.521 2.538
VTM, % 4.0 2.1 5.2 2.7 4.2 1.5
VMA, % 16.8 15.9 20.2 16.9 17.9 15.3
VFA, % 76.2 87.0 74.3 84.0 76.6 90.0
FA Ratio 1.0 1.1 1.2 1.2 1.3 1.5
Mixture Bulk SG (Guw) 2.429 2.465 2.367 2.452 2.415 2.500
Performance Properties at Optimum Asphalt Binder Content

Cantabro Mass Loss, 25°C, 9 2.9 3.2 4.1 2.8 2.7 4.0
APA Rut Depth, 64°C, mm 5.4 4.2 5.6 7.2 4.9 3.7

CT index,25°C 58 112 299 96 141 128
Gradation / Sieve Size % Passing

Y in (19.0 mm) 100.0 100.0 100.0 100.0 100.0 100.0
%in (12.5 mm) 100.0 100.0 100.0 100.0 100.0 100.0
3/8in (9.5 mm) 94.0 96.0 93.0 93.0 92.0 92.0
No. 4 (4.75 mm) 66.0 66.0 63.0 63.0 63.0 62.0
No. 8 (2.36 mm) 39.0 41.0 38.0 38.0 40.0 39.0
No. 16 (1.18 mm) - - - - - -
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No. 30 (600 yum) 23.0 17.0 18.0 18.0 19.0 20.0
No. 50 (300 ym) - - - - - -
No. 100 (150 pm) - - - - - -
No. 200 (75 pm) 5.8 6.6 7.4 7.4 7.5 8.3

S = standard traffic; BMD = balanced mix design; HRAP = high reclaimed asphalt pavement content mixture; RAP

= reclaimed asphalt pavement; WMA = warm mix additive; RA = recycling agent; NMAS = nominal maximum

aggregate size; RBR = recycled binder ratio, Whicthe ratio of RAP binder content to the mixture total binder
content; SG = specific gravity; VTM = voids in total mixture; VMA = voids in mineral aggregate; VFA = voids

filled with asphalt; FA = fines to aggregate; C = control; O = optimizeRizHhighreclaimed asphalt pavement; RA

= recycling agent; L = softer virgin binder.

The volumetric properties and gradations of all mixtures collected during one sampling
during plant production are shown ihable 3-2. Note that corresponding plaptoduced
specimens were fabricated from reheated loose mixture sampled in boxes during production. The
process of preparing reheated specimens involved reheating the loose mixture in boxes until
workable, splitting the materiainto specimen quantities, and heating to the appropriate
compaction temperature and compacting. Mixtures were not subjected to any additional oven
aging.

According toTable 3-1, the major change noted among mixtures was that the selected
OBCs for the BMD mixtures were higher when compared to theBMD control mixture 30_C,
which could be attributed to the need for increased asphalt binder to meet the cracking performance
criterion, a CT index of 70 for shoeterm aged mixtures. The use of softer binder and/or RA
(mixtures 45 HR_RA, 45 HR_ L, and 60_HR_L_RA) resulted in a lower OBC when compared
with mixture 45_HR in which none of these alternatives were employed to address tiféhigh
RAP content. Finally, mixture 45 HR exhibited the highest sensitivity to asphalt binder content
among all evaluated mixtures. During the development of the mixture design, it was observed that
a slight change in the binder content (e.g., + 0.2y result in passing or failing CT index values.

During production (refer tdable3-2), all evaluated mixtures except mixture 45_HR had
binder contents similar to or slightly deviated from the design and within the allowable tolerance
according to VDOT specifications. However, an increase of almost 0.4% in binder content from
the design phise was observed for mixture 45 _HR. No major changes in aggregate gradations
between design and production were observed for any evaluated mixture regardless of the RAP
content. Finally, the extracted and recovered asphalt binder from the produced nixtures
accordance with AASHTO T 164 and AASHTO T 319) exhibited similar low and high PG
temperatures except for mixture 45_HR; this mixture showed a much lower high temperature PG
which could be attributed to the dominance of the virgin binder due to #iedl higher binder
content. The subsequent sections primarily focus on the assessment and discussion of the
performance of one set of reheated specimens taken from the APT production. In total, there were
four sets of materials obtained from the produciprocess. One of these sefalfle 3-2) was
employed for conducting muitevel laboratory tests, while the remaining sets were only used for
VDOT BMD tests Tonget al. 2023. A comprehensive analysis of the reheating effect and the
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variability in volumetric properties from design to production will be addressed in future
publications.

Table3-2. Volumetric Properties and Gradations for APT Mixtures During Production

Mixture 1D 30 C 30_ O 45 HR 45 HR_RA | 45 HR L | 60 HR_L RA
Description Non-BMD BMD BMD BMD BMD BMD HRAP
Composition

RAP Content, % 30 30 45 45 45 60
Asphalt Binder PG64S22 | PG64S22 | PG64S22 PG64S22 PG5828 PG5828
Additives WMA WMA WMA WMA + RA WMA WMA + RA
Property

Ndesign, gyrations 50 50 50 50 50 50
NMAS, mm 9.5 9.5 9.5 9.5 9.5 9.5
Asphalt Content, % 5.44 6.14 7.22 6.15 6.00 6.14
Rice SG (Gm) 2.604 2.515 2.505 2.546 2.544 2.548
VTM, % 6.0 4.6 0.6 2.6 2.4 1.7
VMA, % 18.6 18.4 175 16.8 16.5 15.8
VFA, % 67.5 75.2 96.5 84.6 85.7 89.5
FA Ratio 1.12 1.07 1.21 1.39 1.21 1.35
Mixture Bulk SG (Gp) 2.448 2.400 2.490 2.480 2.482 2.506
Aggregate Effective SG 2.855 2.777 2.820 2.817 2.807 2.820
Aggregate Bulk SG 2.841 2.761 2.799 2.797 2.795 2.794
Absorbed Asphalt 0.18 0.21 0.27 0.26 0.16 0.34
Effective Asphalt 5.27 5.94 6.97 5.90 5.85 5.82
Effective Film Thicness 9.2 10.9 10.8 9.1 9.7 8.7
PG of E&R Binder 76.918.3 | 77.820.6 | 70.821.4 76.921.3 | 79.318.8 76.420.6
Gradation / Sieve Size % Passing

¥ in (19.0 mm) 100.0 100.0 100.0 100.0 100.0 100.0
%in (12.5 mm) 99.3 99.5 98.0 98.5 98.7 98.4
3/8in (9.5 mm) 93.7 94.3 91.9 94.2 93.8 93.4
No. 4 (4.75 mm) 64.5 65.4 61.1 66.8 63.3 66.5
No. 8 (2.36 mm) 39.9 41.1 39.0 42.4 41.9 43.6
No. 16 (1.18 mm) 29.4 25.4 25.7 27.0 27.2 29.9
No. 30 (600 pm) 23.5 16.6 18.4 18.8 19.1 21.8
No. 50 (300 pm) 13.9 11.2 13.6 134 13.0 15.2
No. 100 (150 pm) 8.2 8.2 10.6 10.2 9.2 10.5
No. 200 (75 pm) 5.9 6.4 8.4 8.2 7.1 7.9

PG = performance grade; S = standard traffic, BMBetanced Mix Design; HRAP = high reclaimed asphalt
pavement content mixture; RAP = reclaimed asphal pavement; WMA = warm mix additives; RA = recycling agent;
NMAS = nominal maximum aggregate sixe; SG = specific gravity; VTM voids in total mixture; VMAds \wo

miniral aggregate; VFA = voids filled with asphalt; FA = fines to aggregate; PG = performance grade; E&R =
extracted and recovered.

3.4. Durability Assessment

The Cantabro test is a basic test that was performed to assess the durabsgjaif
mixtures Cox et al. 2017 in accordance with AASHTO T 401. Three replicates were tested for
each mixture, and an average mass loss was repohedML for each specimen was calculated
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as the difference between the initial mass and the mass after testing divided by the initial mass
(Coxet al.2017).

Figure 3-1 and Table 3-3 shows the CML data for all evaluated mixtures. The box plot
displays the fivenumber summary of a set of data. The {fieenber summary is the minimum,
first quartile, median, third quartile, and maximum. The mean CML ranged from 3.6% to 9.5%
with a COV ranging from 1.9 to 9.8%. All mixtures except mixtures 30_C and 30_O met the 7.5%
VDOT BMD mass loss criterion. Overall, all BMD mixtures exhibited lower CML values when
compared with mixture 30_C. This can be attributed to the relatively higher bindentconte
resulting from the application of BMD concept. Moreover, HRAP mixtures (mixtures 45 HR,
45 HR_RA, 45 HR_L, and 60_HR_L_RA) exhibited a higher variability when compared with
mixtures 30_C and 30_O. This could be attributed to the variability inducetheitise of higher
RAP contents. Based on the results from the mixtures tested in this study, the CML test was able
to capture the impact of BMD on the durability performance of asphalt mixtures.

10

9_

CML, %

30 C 30 0 45 HR 45 HR RA 45 HR L 60 HR L RA
Mixture 1D

Figure3-1. Performance Test Data for Cantabro Mass Loss. The box plot displays the five
number summary of a set of data. The red horizontal lines in the box are the median values.
CML = Cantabro mass loss.

Table3-3. Performance Test Results and Corresponding Statistical Parameters of Evaluated
Mixtures Collected During Production

Mixture ID / 30 C 300 45 HR | 45 HR_RA | 45 HR L | 60_HR L_RA
Test Parameters

Cantabro Mass Loss Test at 252CML

Average, % 9.5 8.3 3.6 6.8 6.6 55
Stdv, % 0.2 0.2 0.3 0.7 0.7 0.4
CoV, % 2.4 1.9 8.6 9.7 9.8 6.5
IDT-CT at 25°Ci CT index

Average 54 46 513 90 82 84
Stdv 8.0 8.3 38.5 14.7 11.0 12.4
COoV, % 14.8 18.1 7.5 16.3 13.4 14.7
APA at 64°C andafter 8,000 loading cycles Rut Depth
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Average, mm 4.0 4.6 6.4 5.7 4.2 5.9
Stdv, mm 0.6 1.1 0.5 1.4 1.0 1.3
CoV, % 13.9 24.6 7.9 24.7 24.5 22.7

Stdv = standard deviation; COV = coefficient of variation; {DT = indirect tensile cracking test; CT = cracking
tolerance; and APA = asphalt pavement analyzer.

3.5. Cracking Performance Assessment
Three performance tests were considered to assess the resistance of mixtures to cracking.

These tests belong to two levels of testing: basic {) and advanced (dynamic modulus |E*|
test and the direct tension Cfi¥eroniet al.2021).

3.5.1. IDT Cracking Test andResults

IDT-CT is a basic test commonly used by state agencies and was incorporated into the
BMD approach for VDOT to evaluate mixture resistance to cracking. The test was conducted at
25°C accordance with ASTM D8225. The CT index was then calculated from thieaest
displacement curve / data using EquaBeh Five specimens were tested for each mixture and an
average CT index was reported.

6 "Qe Q 'Qée‘a—s't' —t— Equation3-1
a s——sS Equation3-2

Where Gf = total area under the ledidplacement curve divided by the product of the
specimen thickness [t] and diameter [D] in KN/mm, m75 = slope of interest expressed in Equation
3-2, p85= 85% of the peak load (Pmax) at the jpestk stage in kN, p75= 75% of Pmax at the
postpeak stage in kKN, p65= 65% of Pmax at the jpestk stage in kN, 185 = displacement
corresponding to p85 in mm, 175 = displacement corresponding to p75 in BamdiSplacement
corresponding to p65 in mm, D = specimen diameter in amd t = specimen thickness in mm.

Figure 3-2a shows the CT index values for the six evaluated mixtures. Higher CT index
values generally indicate a better cracking resistance of the evaluated mixtures and, hence, less
cracking potential in the field. Mixture 45 _HR exhibited a significantly higherm@d&x average
(513) when compared with the other mixtures. This could be attributed to the significantly higher
flexibility induced with the high binder content used in the design and production of mixture
45 HR. Consequently, the specimens of mixtureH# fabricated for IDTCT testing exhibited
a wet nature. For a clearer compariseigure 3-2b shows the CT index values of the mixtures
after excluding mixture 45 _HR. The mean CT index ranged from 46 to 90, with a COV ranging
from 7.5% to 18.1%. In fact, all evaluated mixtures exhibited COV values lower than the
maximum allowable single operatGOV of 18.3%, indicating an acceptable repeatability of the
measured data (Habboucke al. 2021b, Habboucheet al. 20227). Mixtures 30_C and 30_O
exhibited statistically similar CT index data indicating a possible similar cracking performance
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regardless of the mix design methodology (i.e., Superpave vs. BMD). Mixtures 45 HR_RA,
45 HR_L, and 60_HR_L_RA exhibited higher CT index values when compared with mixtures
30_C and 30_0O. This indicated that HRAP mixtures containing softer binders an@Ar an

provide performance that is equal to or better than the performance of their counterpart mixtures
with 30% RAP. Moreover, upon comparing the CT index values of specimens fabricated during
the design phasd éble 3-1) and the reheated specimens fabricated during the production phase
(Table 3-3), it was evident that the reheating process possesses the potential to decrease the CT
index, with the exception of mixture 45 HR. This reduction can be attributed to the aging effect
introduced by the reheating process. Nevertheless, a more detailegbitinagegarding the impact

of the reheating effect, as well as the variability in volumetric properties from design to production,
is reserved for future work.
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Figure3-2. Performance Test Data for IBTT Index: (a) Including Mixture 45 HR and (b)
Excluding Mixture 45_HRThe box plot displays the fiveumber summary of a set of data. The
red horizontal lines in the box are the median values. CT = cracking tolerance.

3.5.2. DynamicModulus |E*| Test andResults

Dynamic modulus tests were performed using an AMPT machine in accordance with
AASHTO T 378. Three test temperatures (4.4, 21.1, and 37.8°C) and six test frequencies ranging
from 0.1 to 25 Hz were used. All tests were conducted in the uniaxial mode vatmfumement.

Three replicate specimens were tested for each mixture, and results at each tenfpegatney
combination were reported.

The dynamic modulus (| E*]) and phaFRgareangl e
3-3a andFigure 3-3b, respectively. The data in these figures were constructed at a reference
temperature of 21. 1AC using the 2S2P1D model
known as 2S2P1D, was initially introduced in 2003 (Olard and Benedetto 2003). After a
comprehensive comparison with various existing methods for fitting the measured dynamic

39



modulus, it was observed that the 2S2P1D model, when combined with a-sedengdolynomial

shift factor function, proved capable of accurately predicting the measured data at low temperature
(Keshavarzi 2019). A higher |E*| value at higher temperataed lower frequencies) is often

attributed to a potential higher rutting resistance of asphalt mixtures. The BagjargB-3a shows

that mixture 45 HR had significantly lower |E*| values when compared with the remaining
mixtures regardless of the frequency of interest. This is attributed to the high binder content and

wet nature of mixture 45 _HR and could indicate a potentgidn rutting susceptibility of the

mixture. All remaining mixtures had similar |E*| values at intermediate frequencies. Among the
evaluated mixtures, except for mixture 45 HR, mixture 60 HR_L RA exhibited the lowest
stiffness at lower frequencies, whicancbe attributed to the incorporation of a softer binder and

RA. Figure3-3b s hows significantly higher U4 values
reduced frequencies indicating a potential higher cracking resistance among the six mixtures. For

the remaining mixtures, visual inspectionFafjure 3-3b shows that mixture 60_HR_L RA and

mi xture 30_O have the highest and | owest U va
A higher | E*|] value and | ower U at | ower tempe
with the potential fohigher cracking susceptibility (Diefenderfetral. 2021).
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Figure3-3. Dynamic Modulus Test Results: (a) |E*| Master CurvesinlLayg Scal e and (
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Anot her performance indicator parameter th

curves is thenixture GRm parameter, which is an adapted form of the binder Gleegre (G

R) parameterNMlenschinget al.2017, Ogbeaet al. 2019, Zhanget al. 2020). The GRm parameter

is simply the same as the bindeiRparameter, but it uses mixture dynamic modulus (|E*|) and
phase angle (U0) in | ieu of the binder compl e
Equation3-3. This parameter, calculated at 20°C and 5 Hz, has been used to evaluate the resistance
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of mixtures to cracking and their susceptibility to aging, especially with changes in recycled
content (e.g., RAP) and RA type and dosage (Mattal.2020). In a draft AASHTO specification
proposed in NCHRP Project {88, this parameter was recommended as a mixture performance
evaluation parameter at intermediate temperatures to minimize the cracking potential of asphalt
mixtures (Martin et al. 2020). A maximum G&Rm parameter value of 8,000 MPa was
recommended for laboratergade mixtures subjected tooshterm overaging for 2 hours at the
specified compaction temperature. A maximurrR@ parameter value of 19,000 MPa was
recommended for lonterm overaged laboratomade mixtures in accordance with either
AASHTO R 30 or the proposed standard methoddiog-term conditioning of hot mix asphalt for
performance testing in NCHRP Project®® (Kim et al.2018).

z

0 Y4 2 Equation3-3

Figure3-4 shows the @Rm parameter calculated for the mixtures used in this study. The
G-Rm parameter values for all mixtures except mixture 45 HR are more comparable to the
recommended threshold value (19,000 MPa) for {@mmn overaged laboratorynade mixtures
than that for shotterm overaged laboratorproduced mixtures (8,000 MPa). Since these
mixtures were plaAproduced and subjected to reheating, a process known to result in higher
stiffness, neither threshold is directly applicable to the mixtures escoonmendations have been
made for planproduced mixtures. A relative comparison among the mixtures indicated that
mixtures 45 HR L and 45 HR ranked as the most and least-smackptible mixtures,
respectively. Nevertheless, through the applicatioorg#sample ttest, it was determined that
there was no statistically significant difference in th&kM value between the control mixture
(30_C) and BMD mixtures ¢(palue of 0.4379). Similarly, no significant difference in thdk@
value was observed beden 30% RAP mixtures (30_C and 30_0O) and HRAP mixturesl(e
of 0.7116).
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Figure3-4. GloverRowe (GRm) Parameter at 20°C and 5 Hz

3.5.3. Direct TensionFatigue Test andResults

Direct tension cyclic fatigue tests were performed using the AMPT machine in accordance
with AASHTO TP 107. The ¥YECD model was used to assess the fatigue characteristics of the
six mixtures. The cyclic fatigue test was performed at 24°C. TWH&GSD modeldeveloped by
Underwood et al. was used to predict the cumulative damage for different loading histories under
different temperatures as it incorporates tig@perature superposition principle and the pseudo
strain energy concept (Underwoetial. 2010). The pseudo strain energy is dependent on both
pseudo strain and pseudo stiffness; the pseudo strain was determined using Bgluation

- —, ‘00 t —At Equation3-4

Where- = pseudo strain; t = timd;=reduced time; E(t) = relaxation modulus; strain;
andO = the reference modulus.

Based on assumptions frorVECD theory, in the quastatic cyclic status, the simplified
- is shown in Equatior8-5. The pseudo stiffness (C), presented in Equadién gradually
decreases from 1 to nearly 0 and indicates the material condition from its intact state to failure.
With the pseudo energy concept, the relationship between C and S, known as damage characteristic
curve (GS curve), can be determined usindgeguation3-7.

- O st - Equation3-5

0 — Equation3-6
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0O p O0°7Y Equation3-7

Whered0 ando are the model coefficients.

Figure 3-5 shows the damage characteristic curves for the six mixtures. The damage
characteristic curve is strain independent f or
stiffness. Similar observations to the dynamic modulus |E*| can be derivedawitbual
observation of the damage characteristic curves. Mixtures 45 HR and 45 HR_L showed the
lowest and highest damage curves indicating a relatively softer and stiffer behaviors, respectively;
meanwhile the remaining mixtures exhibited similar curfem the perspective of stiffness
alone, a material that is stiffer is expected to generate a lower strain under the same load conditions.
Assuming other properties such as toughness are equal, a smaller strain in the stiffer material will
ultimately leado a longer fatigue life (Wanet al.2020).

However, relying solely on stiffness evaluation may often lack persuasiveness when
considering the fatigue life of materials. Consequently, the inclusion of material toughness as a
complementary factor becomes necessary. The toughness is the abilityatérealnto absorb
energy without fracturing. l.e, a tougher material is expected to exhibit a longer fatigue life under
the same applied load. Tl failure criterion, determined using Equatia«® can be applied to
the SVECD model.O can serve as an indicator of toughness for the evaluated material, as
demonstrated ifrigure 3-5b, where a higher value signifies greater resistance of the material to
damage (Wangt al.2020).

0 - Equation3-8

To define the mixturesd fatigue péyr ),or manc
considered both the material 6s modil mambeand t o

found in Equatior8-9 (Wanget al.2020) and conducted with FlexMAT for Cracking, an Excel
based tool provided by the FHWA (FHWAIF-19-091).Figure3-6 shows theY values for the

six mixtures."Y was calculated at the average temperature of the high and low PG of the
conventional asphalt binder typically used in the area (21°C for P@B¥ Fhe six mixtures fell

into the same category when compared to the recomméNdedhreshold values and the
associated traffic level and ranges (i.e., Standard traffic). All mixtures displdyedalues

ranging from 11.9 for mixture 45 HR to 19.8 for mixture 45 HR_L. Furthermore, upon closer
examination, it becomes apparent that accounts for considerations from both the stiffness and

toughness perspectives. Notably, mixture 30_C exhibited higher stiffness than 30_O; however,
due to its lower toughness compared to 30_0O, its overall fatigue resistance was lower than that of
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30_O. Similarly, although 30_O demonstrated the highest toughness, its stiffness fell short of that
exhibited by 45 HR_L, resulting in slightly lower cracking resistance ifitheassessment in
comparison. Additionally, mixture 60_HR_L_RA showcased the lowest toughness, nonetheless,
owing to its higher stiffness relative to 45 _HR, it attained a gréétervalue than 45 HR. In this
context, it is noteworthy that the evaluatioriéf has diverged from the assessment based on the
CT index. Specifically, the HRAP mixtures did not exhibit a significant increase in fatigue
resistance compared to the control mixture. Further details regarding this observation will be
discussed in subsequerorrelation analyses.

T

Y pPTTT Equation3-9

s’s7

Where = damage growth rate, andl = time-temperature shift factor value at the target
temperature.
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Figure3-5. Performance Test Data for Direct Tension Cyclic Fatigue: (a) Damage Characteristic
Curves and (b) DR Parameter.
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Figure3-6."Y Values. ESAL = equivalent single axle load; = cyclic fatigue index
parameter.

3.6. Rutting Performance Assessment

Two performance tests were considered to assess the rutting resistance of the six mixtures.
These tests belong to two levels of testingermediatg APA rut test) ancdidvanced SSR test)

3.6.1. APARUut Test andResults

The APA rut test was performed on specimens prepared from loose mixture collected
during production in accordance with AASHTO T 340. This test simulates rutting in the laboratory
by applying a loaded wheel back and forth over a pressurized rubber tuiee lalcag the surface
of the test specimen at a temperature of 64°C which is equal to the high PG temperature of the
employed asphalt binder. After 8,000 cycles were applied, the deformation of the specimen was
measuredior each mixture, two replicates rgeested, and an average was repofeglire 3-7
presents the APA rut depth data at 64°C after 8000 loading dgcldse six mixtures. A higher
APA rut depth value is an indication of an increased susceptibility to rutting damage. Mixture
45 HR exhibited the highest APA rut depths followed by Mixtures 60 HR_L RA and
45 HR_RA, then followed by Mixtures 30_O, 45 HR dnd 30_C. All evaluated mixtures
exhibited an APA rut depth lower than VDOT BMD threshold of 8.0 mm. The APA rut test seemed
to be insensitive to the RAP content and the use of softer binder and RA for the evaluated mixtures.
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Figure3-7. Performance Test Data for AHRut Depth at 64°C and 8,000 Loading Cycles. APA
= asphalt pavement analyzer.

3.6.2. StressSSweepRutting Test andResults

SSR test was performed in accordance with AASHTO TP 134 to assess the resistance of
mixtures to rutting under repetitive loading, simulating the conditions experienced by pavements
under repeated traffic loads. SSR testing was originally motivated by N@rigget 0919, which
showed that mixtures are sensitive to load level, loading history, and temperature under deviatoric
axial loads. Four specimens were subjected to a confined cyclic compression testing at two
different temperature$Y and”Y). In both cases, the specimens were subjected to threxy2i@0
loading blocks of three deviatoric stress levels, and constant confining pressure of 69 kPa. In the
testing, the permanent deformation of specimens is measured with its deviatoric sitksg, lo
history, and temperature. Once a shift model is established, the permanent deformation of asphalt
layers as a function of pavement depth and time can then be predicted by the pavement
performance prediction program, FlexPAREGhanbariet al.2020).

The RSI recommended by FHWA, with the support of the shift model built by SSR, can
be used as a rutting indicatdslfanbariet al. 2020. The RSI is an average permanent strain in
percentage calculated by repeating 30 milliorkiiBequivalent singlaxle load (ESAL) over 20
years on a standard pavement struct@Gieafibariet al. 2020. A lower RSI value is an indicator
of a greater resistance to rutting for a given mixtergure 3-8 shows the RSI values for the six
mixtures alongside the recommended threshold values as function of traffic. Mixture 30_O had
the lowest RSI (1.85%) and fell in the very heavy traffic category. Mixtures 30_C, 45 HR_RA,
and 45 HR_L all fell in the heavystfic category with RSI values of 2.33%, 3.28%, and 2.72%,
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respectively. Mixtures 45 HR and 60_HR_L_RA showed the highest RSI values (6.39% and
5.77%, respectively) and fell into the standard traffic category.

6 Standard (ESALs <10
million)

Heavy (10 < ESALs < 30
million)

RSI, %
'S

® Very Heavy (ESALs > 30
million)

B Extremely Heavy (ESALSs
> 30 million and slow
traffic)

30 C 30 0 45 HR 45 HR RA
Mixture 1D

5 HR L 60 HR L RA

Figure3-8. Performance Test Data for Stress Sweep Rutting R&3t= rutting strain index.

3.7. Correlations and Statistical Analyses

Various performance tests were conducted on the six mixtures and corresponding test
results were presented and discussed in the previous sections. The tests considered and presented
in this section were evaluated in terms of performance ranking and tonglamong the indices.

Finally, 3D, ternary plots, and a novel CPl showcasing combinations of three primary
performance indices.

3.7.1. PerformanceRanking

The indices were compared in terms of their potential to rank the performance of the
mixtures towards various distresses (i.e., durability, cracking, and rutting). This was done by
sorting the average mean value of each index from the highest to theftaw&stindex andY
parameter and from lowest to highest for CMER@&), APA rut depth, and RSITable3-4 shows
the order ranking of the mixtures from the best (A) to the least (F) performing for eachlindex.
selection of an optimal or suboptimal mixture from a ranking table established based on various
material performance remained highly challenging which could be attributed to mechanics,
comprehensiveness, and the level of complexity behind each sefmatedmance testAs
observed inrable3-4, CML, G-Rm and CT index indicate that mixture 45 HR had the highest
durability and resistance to cracking; meanwhile showed that this mixture was the most
susceptible to cracking. This could be attributed to a disagreement between the basic performance
tests and the advanced performance tests, especially when these mixtures did not meet VDOT
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mixture volumetric and gradation requirements (BMD Approach D was adopted for designing
these mixtures)Y ranked mixture 45 HR_L as the most resistant to cracking. APA rut depth
and RSI ranked Mixture 45 HR as the most susceptible to rutting which again could be attributed
to the relatively higher OBC used to design and produce this mixture. Finally, AFRSAmnanked
Mixtures 30_C and 30_O as the most resistant to rutting, respectively.

Overall, relying on a singular ranking to design a BMD mixture in general and a HRAP
mixture in particular that satisfied all performance requirements was not feasible. Consequently,
it was imperative to investigate the correlations and discrepanciesapetifierent test results to
improve the exploration and prediction of HRAP mixture performance.

Table3-4. Ranking of Mixtures based on Various Evaludieiformance Indices

Parameters /| 4, 300 45 HR | 45 HR_ RA | 45 HR L |60_HR_L_RA
Mixture

CML F E A D C B
CT index E F A B D C
fo— C B F b A =
G-Rm D C A E F B
APA A C F D B E
RSI B A F D c E

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss;
G-Rm = GloverRow parameter of the mixtur&’ = cyclic fatigue index parameter.

3.7.2. Correlation

The Pearson correlation coefficient, expressed in Equ&tib®, was used to study the

strength and direction of linear relationship between two variaGlaiseh 196R

N iBo Bo Bo .
| - — . Equation3-10
1B Bo 1 Bo Bo

Where r is the Pearson correlation ranging franfperfect negative linear correlation) to
1 (perfect positive linear correlation), with O indicating no correlation; x and y are two variables
of interest.

A correlation matrix built among different tests is showrTable 3-5. As the r value
changed from1l to 1, the filled color changed from dark blue to dark red. As expected, it was
observed that a strong positive linear correlation existed between RSI and APA (0.863). Thus,
indicating that both test methods (intermediate advanced) would lead to similar rutting
performance assessment. However, this was not the case for cracking, as the various indices
resulted in different and random trends. A strong negative linear correlation was observed between
Y and CT index 4.813) indicating that for a given mixture, if the CT index increased, the
correspondingY  parameter would decrease. The discrepancies betweelY thend CT
indices in this study were also noted in a Maine DOT study that assessed asphalt mixture cracking
(Veeraragavamt al. 2021). This could be attributed to the fact that the-IDIT (indirect tensile
cracking test) is primarily influenced by the stiffness of the evaluated asphalt mixture, while the
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direct tension cyclic fatigue test is more of a st@ontrolled test. However, cracking itself is a
complex phenomenon, with various types such as batfgnopdown, longitudinal, and thermal
cracking occurring based on underlying failure mechanisrmal¢kivood and Braham 2019).
These tests (IDCT vs. direct tension fatigue test) may simulate different types and/or
combinations of cracking, making it challenging to comprehensively assess the fatigue
performance of asphalt pavement, especially whenrdgalith BMD mixtures that deviate from
traditional volumetric requirements. Moreover, the inclusion of higher RAP contents and the use
of various additives, such as recycling agents, further complicate the evaluation of BMD mixtures
(Rochaet al. 2023). Strong negative linear relationships existed betWwéenand RSI {0.906)

and”Y and APA ¢0.907). A lower RSI and/or APA value indicates stronger resistance to rutting,
while a higher value forY indicates higher resistance to cracking. This suggests that the
application of BMD provided the possibility of designing a mixttivat exhibited simultaneous
improvement in both fatigue cracking and rutting performar€€ index showed moderate
positive correlations with RSI (0.732) and APA (0.683). It should be mentioned that the high CT
index for mixture 45 HR was observed to be outside the range of typical values observed for
VDOT BMD mixtures and may have substalyiampacted the resulting correlatis. Therefore,

a similar analysis was performed after excluding the-@JTresults for mixture 45 _HR and is
presented iMable3-6. It can be noted that the negative correlation betwéenand CT index

gets weaker (with r dropping fror.813 t0-0.521). A similar trend but slightly weaker correlation
could be observed between CT index and RSI and between CT index and APA. In this context, it
is evident that the considerable higher CT maé mixture 45 _HR had an influence on the
correlation betweerlY and the CT index, thereby highlightiny as a comprehensive
indicator for assessing fatigue cracking performance. Hence, in the subsequent discourse, it is
prudent to distinguish between the fatigue cracking performance, as indicatéd bgnd the
stiffnessdriven cracking, as indicated by the CT index. Furthermore, from a stiffness perspective,
pronouncedly, the correlation between CT index arRn® changed from a significant strong
relationship to a minor positive relationship, reflegtithat a simple linear relationship cannot
describe the correlation between different cracking indices.

For the comparison of various indices with CML (durability), it was found that both rutting
indices (RSI and APA) showed strong negative correlations with CiI896 and-0.853,
respectively). These results indicated that rutting resistance was negatsgelgiated with
durability. Additionally, a strong negative correlation was observed between CT index and CML
(-0.824), suggesting that mixture could be designed to possess higher cracking resistance and
durability. However, a contrary trend was also obse between cracking resistance and
durability, as reflected by the correlation betw&én and CML (0.779).

Table3-5. Correlation Matrix for All Evaluated Performance Indices
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CML CTindex Sapp G-Rm APA RSI

CML -0.785 0.779

CT index -0.785 0.683 0.732
Sapp

G-Rm -0.673  -0.720
APA -0.673 0.863
RSI -0.720 0.863

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss;
G-Rm = GloverRow parameter of the mixtur®’ = cyclic fatigue index parameter. As the r value changed from
1 to 1, the filled color changed from dark blue to dark red.

Table3-6. Correlation Matrix for All Evaluated Performance Indices Excluding CT index for
Mixture 45 _HR

CML CTindex Sapp G-Rm APA RSI
CML -0.824 0779 0664 -0.853 -0.896
CT index [1120.:824 0521 0482  0.633  0.647
Sapp 0.779 -0.521 0.81
G-Rm 0.664 0482  0.810 -0.673  -0.720
APA 0.63 -0.673 0.863
RS 0.64 -0.720  0.863

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss;
G-Rm = GloverRow parameter of the mixtur& = cyclic fatigue index parameter. As the r value changed from
1to 1, the filled color changed from dark blue to dark red.

3.7.3. Threedimensional (3D) Plot

In addition to accounting for the interdependence between the performance indices, this
study employed-® plots as a visual tool to demonstrate the effort of BMD optimization in HRAP
mixture. By investigating and presenting the combinations of threerpenfice indices, namely
durability, rutting, and cracking, within a si
offered a comprehensive evaluation that enabled designers and agencies to assess both the singular
performance and integrated perfmnce of mixtures. To enhance the comparability of indices in
the 3D plot, a common normalization method was utilized for the index of interest for a given
mixture. The method involved expressing the index as a percentage of the maximum value
achieved byhat index across different mixtures. For instafi@hle3-3 andTable3-7 present the
average testing values of mixtures, with the maximum CML value attained in Mixture 30 _C. In
this case, the maximum value was set as 1 (100%), and the mean values of other mixtures were
converted into their respective percentage values. Asudt,réhe normalized values obtained for
mixtures 30_C, 30_0O, 45 HR, 45 HR_RA, 45 HR_L, and 60_HR_L were 100%, 86.7%, 38.0%,
71.3%, 69.7%, and 57.4%, respectively.

It is important to note that the CML, RSI, and APA can be regarded somehow as reverse
indices, whereby larger values correspond to poorer performance. Thus, the CML, RSI, and APA
values were converted into (100@ML), (100%RSI), and (L00%APA), respectivly, to better
depict their positive relative performance relationship in tiiz [#ot. The normalization for the
3-D plot of advanced performance tests can be fourlchide 3-7. Consequently, the longer the
distance from the origin in the3 plot is, the better the CPI is considered (Equaddi). The
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prototype of CPI here presumes that the three primary indices contribute equally to the overall
composite performance, which implies that the variables A, B, and C in EqGatibnvere all
assigned a value of 1. However, taking into account the varying degrees of concern that local
designers and agencies may have for three primary distresses, the values of A, B, and C can be
adjusted. This flexibility allows for the BMD mixturés satisfy local requirements.

600 6w 6w 64 Equation3-11

Where CPI is the composite performance index; X, y, X are rutting resistance indicator,
cracking resistance indicator, and durability, respectively; A, B, C are adjustable weight factor.

The 3D plots are shown fRigure3-9a, Figure3-10a andFigure3-11a, where the size of
each point signifies the distance from the origin for a better visualization. The larger size of points
implies that they possess a superior CPI for the mixture. Additionally, the color of each point was
determined based on the CPI (fatjon3-11), indicated by the distance from origin, wherein the
colormap depicted that the color of points changed from the bottom color to the top color as the
exhibited CPI for different mixtures increased. Along the positive&'x ( %), y (ERSI, %), and
z (1-CML, %) axes, the cracking resistance, rutting resistance, and durability of the mixture are
expected to exhibit an upward trend. Upon comparative analysis, it was observed that each ranking
utilizing the x, y, and z axes cosonded with the conclusions derived from the ranking table
(refer toTable3-4), thereby ensuring consistency.
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Figure3-9. (a) 3-D Plots of Performance Indices: CML vs. RSIV. ; (b) Ternary Plots of
Performance Indices: CML vs. RSIV¥. . 3-D = three dimensional; CML = Cantabro mass
loss;Y = cyclic fatigue index parameteand RSI = rutting strain index.
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Figure3-11. (a) 3-D Plots of Performance Indices: CML vs. APA vs. CT index Excluding
Mixture 45_HR; (b) Ternary Plots of Performance Indices: CML vs. APA vs. CT index
Excluding Mixture 45 _HR. D = threedimensional; CML = Cantabro mass loss; APA = asphalt

pavement analyzer; CT = cracking tolerance.

The three images presentedrigure3-9a, Figure3-10a, andrFigure3-11a unequivocally
demonstrate that HRAP mixtures exhibited superior durability, reflected by lower CML values
(larger zaxis values), when compared to the 30% RAP mixture. By exanfinguge3-9a, it can

52



be observed that although mixture 45 HR had the loWwést and the highest RSI, the
performance of mixture 45 HR_RA, mixture 45 HR_ L, and mixture 60 HR_L RA could
confirm that the use of a softer binder, an RA, or a combination of both alternatives positively
affected both fatigue cracking and rutting performantéHRAP mixtures. Upon comparing
mixture 30_O with the control mixture 30_C, it became evident that BMD application has resulted
in enhanced resistance to the three primary distresses. Further analysis of mixture 45 HR_L
(compared with mixture 30_C andxtire 30_O) revealed that, contrary to expectations due to
the introduction of HRAP, there was no significant increase in rutting resistance. Instead, an
enhancement in fatigue cracking resistance and durability, along with a sacrifice in rutting
performarce, was observed as a result of BMD optimization. The CPI of these three mixtures
demonstrated remarkable similarity, with mixture 30_O demonstrating the best composite
performance. However, considering the RSI of mixture 45 HR_L, indicating its favorable
performance under heavy traffieigure3-8), and the CML less than 7.5% VDOT BMD mass loss
criterion Figure3-1), it was deemed that mixture 45 HR_L outperformed all other mixtures and
held potential for further BMD optimization to enhance fatigue cracking resistance. Nevertheless,
other HRAP mixtures, including mixture 45 HR, mixture 45 HR_RA, and mixture
60 HR_L RA, did not surpass the control mixture in performance, except for improvements in
durability. Thereby, among the 45% BMD mixtures, the beneficial impact of utilizing a softer
binder on CPI was notably superior to that of incorporating RAs or extra Higitkesr content.

Figure 3-10a reveals a notable shift in the observed scenario from advanced level tests
(Figure3-9a), where mixture 45 _HR achieved a superior composite performance by leveraging its
significantly higher CT index compared to other mixtures. In terms of stifté@asn cracking
resistance, all HRAP mixtures demonstrated higher CT indices than the 3BmRAIres, yet
they also exhibited lower rutting resistance than the control mixture (30_C). Notably, mixture
45 HR_L demonstrated rutting resistance comparable to mixture 30_C and mixture 30_O, while
exhibiting superior cracking resistance, durabilitpd aCPl. Based on these findings, it was
reasonable to conclude that th® ®lots, employed in both advanced level tests (CML vs. RSI vs.

“Y ) and basic/intermediate level tests (CML vs. APA vs. CT), consistently demonstrated the
superiority of HRAP BMD surface mixtures over the control mixture. This was exemplified by
the outperformance of mixture 45 HR_L compared to the control mixture 80or€over, the 3

D plot of the basic/intermediate level tests further emphasized that all HRAP BMD surface
mixtures possessed the capability to outperform the control mixture 30_C. This could be attributed
to the adherence of all HRAP BMD surface mixtui@shie APA rut depth requirementsSigure

3-7), ensuring the retention of sufficient rutting resistance reserved. Despite the lower rutting
resistance displayed by all HRAP BMD surface mixtures in {BepBot in comparison to mixture
30_C, their advantages in terms of cracking resistance (indiogtée CT index) and durability

and sufficient rutting resistance suggested that HRAP BMD surface mixtures surpassed the control
mixture 30_C in overall performance.
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The extremely high CT index of mixture 45 HR had an influence on the comparison of
relative cracking resistance between HRAP and 30% RAP mixtures, which is addrdsgeden
3-11a. In this figure, a distinct "gap" is observed between HRAP mixtures and the control mixture,
or rather, HRAP mixtures and 30% RAP mixtures. This gap is characterized by a significant
increase in cracking resistance (indicated by the CT index) and dyraball HRAP mixtures.

These findings provide strong evidence for the beneficial effects of utilizing a softer binder, RA,
or a combination of both alternatives on the cracking and durability performance of HRAP
mixtures. Furthermore, these results mligith the insights revealed by thelBplot in the
advanced tests.

In summary, although there were disparities in the evaluation of cracking resistance
between Sapp and the CT index, tHe Blots obtained from both advanced and basic/intermediate
tests produced two key findings. Firstly, HRAP BMD surface mixtures caewechuperior CPI
compared to the traditionally designed control mixture, albeit achieving this in the advanced tests
proved to be more challenging than in the basic/intermediate tests. Secondly, the application of a
softer binder, RA, or a combination bbth alternatives demonstrated beneficial effects on the
overall performance of HRAP BMD mixtures. More importantly, the 3D plot provided a superior
visualization for comparing the complex array of performance indices. By departing from
conventional methad that involve pairwise comparisons of performance indices, the
implementation of a 3D plot associated with CPI significantly alleviates the burdensome nature of
traditional comparison methods, as well as minimizes the risk of overlooking crucial faetors t
may result in errors or imbalances in decismaking. Consequently, designers are endowed with
a more efficient and comprehensive reference framework that enables them to effectively balance
the three primary performance indices from multiple perspest

3.7.4. Ternary Plots

The utilization of a & plot offered one of viable approaches to compare three primary
performance indices among different AC mixtures within a single visualization. However, it is
important to acknowledge the inherent limitations of this approachgaestnot fully capture the
intricate tradeoffs or balanced relationships among the three primary performance indices within
an individual mixture. Hence, an auxiliary methodology is required to offer additional guidance
and different perspective for desgys. The ternary plot can be utilized as a complementary tool
to the 3D plot, enabling the display of each performance metric's weight in the composite
performance of a mix, thereby assisting the BMD. In this case, an additional normalization process
wasapplied that transforms each calculated percentage value foithpad into a percentage of
the sum of the percentages resulting from different indices for each AC mixture, which allowed
for the comparison of the contribution of each index to the csitgoperformance of the evaluated
mixture. For instance, considering mixture 30_C, after the first normalization iRRDhel&, the
values for'Y , (1-RSlI), and (3CML) were 90.15%, 63.54%, and 0%, respectively. Subsequently,
by adding them up and converting each index to a percentage of the total sum (153.69), the
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normalized values were determined to be 58.7%, 41.3%, and 0%, respecabédg-7 illustrates
more details. The normalized values were then plotted in the equilateral triangular coordinate
system.

Table3-7. Normalize Advanced Performance Tests (CML vs. RSIYs.) for 3-D Plot and
Ternary Plot

Raw data 3-D plot normalization Ternary plot
. SUM normalization
Mix ID Js— RSl cML | J— RSl 1-CML Js— 1RSI 1CML
30_C 179 23 9.5 90.15 63.54 0 153.69 | 58.7 41.3 0.0
30_0O 19.2 1.9 8.3 96.72 71.05 13.31 181.08 | 53.4 39.2 7.4
45 HR 119 64 3.6 60.10 0 62.03 122.13 | 49.2 0.0 50.8
45 HR_RA 16.0 3.3 6.8 80.81 48.67 28.72 158.20 | 51.1 30.8 18.2
45 HR_L 198 27 6.6 100 57.43 30.26 187.70 | 53.3 30.6 16.1
60_HR_L_RA 15.0 5.8 55 75.76 9.70 42.59 128.05 | 59.2 7.6 33.3

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss;
G-Rm = GloverRow parameter of the mixturéf = cyclic fatigue index parameter.

A ternary plot is shown irFigure 3-9b, Figure 3-10b, andFigure 3-11b to assess the
contribution between durability {CML), rutting resistance ¢(RSI) or (EAPA), and fatigue
cracking resistanceY ) or basic cracking resistance (CT index) within each mixture. In the
ternary plot, the size and the color of a point correspond to the points determined- fhet,3
which reflect the CPI. The calculated normalized values were transformed intaleatesystem
of an equilateral triangle, where each value representedaxg&iboordinate. Each st#xis was
obtained by rotating clockwise 60 degrees in the direction of increasing index values.

The exploration of ternary plots in conjunction with correspondiiyBots allows for a
comprehensive understanding of the intricate "balance" within mixtures, illustrating the
complexity of their internal equilibrium that cannot be simplified as a mmadeoff. In Figure
3-9b, it is observed that mixture 30_C exhibited inadequate durability (as depi¢tediia3-1),
whereas mixture 30_O addressed this issue by incorporating BMD to enhance its durability while
simultaneously contributing to its CPI. Although this contribution diminished the rutting and
cracking resistance of mixture 30_O relative to its CPI propuatly compared to mixture 30_C,
the CPI of mixture 30_O was elevated, resulting in higher values for its three primary distress
indices (or superior singular rankings) compared to mixture 30_C. Additionally, as a formidable
competitor to mixture 30_O, mixre 45 HR_L endeavored to further improve durability.
However, it was observed that the CPI of mixture 45 HR_L no longer continued to increase
relative to mixture 30_0O. The increased proportion of durability within its CPI restricted rutting
performance.However, mixture 45 HR_L obtained higher durability and fatigue cracking
resistance than mixture 30 _O. Further examination of mixture 45 HR_RA, mixture
60 _HR_L_RA, and mixture 45 HR revealed that the continued emphasis on enhancing their own
durability prgortion led to a decline in CPI, consequently sacrificing their cracking resistance and
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rutting resistance. This effect was particularly pronounced in mixture 60_HR_L_ RA and mixture
45 HR.

Figure 3-10b represents the ternary plot for basic/intermediate performance tests.
Similarly, starting from mixture 30 _C, mixture 30_O here aimed to improve its durability.
However, unlike the ternary plot in the advanced téstgi(e3-9b), the CPI of mixture 30_O was
directly reduced in the BMD optimization process. Additionally, the contributions of the rutting
indicator and cracking indicator to the CPI were constrained by the increased proportion of
durability, resulting in inferiorutting resistance and stiffnedsiven cracking resistance compared
to mixture 30_C. Nonetheless, within the HRAP BMD mixtures, it can be observed that further
enhancing durability led to an increase in CPI, except for mixture 45 HR_RA. Mixture
45 HR_RA ekibited higher cracking resistance contributions, resulting in a higher cracking
resistance compared to mixture 30 _C. Simultaneously, it sacrifices the proportion of rutting
resistance compared to the control mixture 30_C. As custofrguyre 3-11b provides a better
comparison of the contribution of each performance index for the other five mixes. The
observation fronFigure 3-11b is consistent with that dfigure 3-10b, with the exception of
mixture 45 _HR_RA. Upon further examination, it was notable that mixture 45 HR_RA had the
highest CPI, despite being the infermerforming mix initially fromFigure 3-10b. This was
because, after removingixture 45 HR from the analysis, mixture 45 _HR_RA had the highest
CT index value, yet this did contribute significantly to its cracking resistance in the ternary plot.
Additionally, it was evident that for HRAP mixtures, compared to 30% RAP mixtures)gutti
resistance had a relatively minor contribution to their CPI, but durability and cracking resistance
were particularly important for HRAP mixtures and strengthened the CPI, overshadosv8tiyo
RAP mixture. It further demonstrated the positive effettssong softer binders and RA in HRAP
mixtures.

3.8. Summary of Findings, Conclusions,and Ongoing Work

This research evaluated one control and five BMD optimized SMs through laboratory
performance tests at various levels of complexity. The mixincesporated various combinations
of RAP contents, two binder PGs, one RA, and one WMA addifive tests performed included
the Cantabro, IDICT, |E*|, SVECD fatigue, APA rutting, and SSR test. The primary focus of
the assessment was on the durability, rutting resistance, and cracking resistance as envisioned by
the BMD concept/methodology beingmied in Vimginia.

This study investigated the challenge of finding a consistent ranking order based on a single
performance index for six mixtures evaluated using performance tests at various levels of
complexity. The results indicated that the ranking order differed adifées®nt tests. For instance,
the APA (intermediate level) and RSI (advanced level) tests did not produce the same ranking
order for rutting evaluation. Similarly, the CT index (basic level) ‘ahd (advanced level) tests
did not yield the same ranking order in cracking evaluation, even resulting in reversed outcomes.
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Additional investigations were conducted by comparing the Pearson correlation coefficient
between two given performance indices. Comparisons revealed that different levels of rutting
performance tests can produce a relatively consistent results, astefgcthe strong positive
linear correlation found between RSI and APA. Additionally, this study clarified the disparities
between Sapp and the CT index, providing explanations for their divergent outcomes. It is
recommended to separately discuss theituatimns pertaining to cracking. Furthermore, it was
found that BMD has great potential for the design of HRAP mixtures that exhibit simultaneous
improvement in both fatigue cracking and rutting performance. Rutting resistance showed a
negative correlatiowith durability. Based oilY , fatigue cracking resistance showed a negative
correlation with durability, while based on CT index andRf@, cracking resistance showed a
positive correlation with durability.

Furthermore, this studgroposed a novel index CPI associated with go8iDto evaluate
the composite performance of different mixtures and a ternary plot to assist in evaluating the
contribution of individual major performance results in BMD optimized mixtures. The findings of
this study indicated disparities between the refltsasic/intermediat@performance tests and
advanced performance tests, as corroborated by the correlation analysis. Nonetheless, the overall
comparisons consistently highlightédat HRAP BMD surface mixtures can exhibit superior
overall performance as compared to conventionally designed control mixtures. However,
achieving this enhanced performance in the advanced tests posed greater challenges compared to
the basic/intermediatdests. Furthermore, the comparisons emphasized the beneficial effects
arising from the utilization of softer binders, RA, or their combinations in HRAP mixtures.
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CHAPTER 4 -  Assessment of Production Variability and Composite
Performance Index for Conventional and High RAP BMD
Mixtures*

4.1. Abstract

The Balanced Mix Design (BMD) concept enables the design of engineered mixtures
containing conventional and high reclaimed asphalt pavement (HRAP) contentag beyond
the constraints afraditional volumetric design methodologid€3uring production, the designed
mixture undergoes verification and potential modifications at the plant to accommodate actual
production and field circumstances, irrespective of the mix design mdthisdstudyassessdthe
impact of production and associatgerformancevariability on a volumetrically designed control
mixture and five mixtures designed with BMD concephis investigation showed relatively
precise gradation contrabut exceedances of volumetrproperty tolerances were observed in
BMD-optimized mixturesduring production Performance, includingudability, cracking, and
rutting susceptibilitywas evaluated using the Cantabro test, indirect tensile cracking test (IDT
CT) and Asphalt Pavement Analyzer (APA) test, respectivéfst resultsuncovered that
producedmixtures may become unbalance®bservations fronCantabro test and IDTT
highlighted the necessity and effectiveness of employing BMD for HRAP mixtures. The potential
aging effect introduced during the reheating process may compromise durability and cracking
resistanceln addition, a3-Dimensional plot with a revised Composite Performance InG&]
was used to optimize the process of evaluatingnthdure fibalancé status amongnultiple
primary performancedt revealed almost all produced HRAP mixtures demonstrated a well
balanced statuginally, agencies can use the @RI part of their acceptance program for BMD
mixtures to determine a pay factor for possible bonuses or penalties.

Keywords: RAP, BMD, production variabilitydurability, cracking, rutting
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4.2. Introduction

It is widely recognized thatontemporary asphalt materials are considerably different from
their predecessors due to the escalating challenges of supply and the amplified demane for high
performance material¢Golalipour et al., 202). The abundant use of additives, extensive
application of RAP, and the dynamic nature of the modern asphalt supply necessitate a
fundamental shift in mixture design philosophy. Instead of focusing primarily on volumetric
properties, the emphasis in desigrpivoting toward properties that indicate thefenance of
mixtures(Golalipouret al., 202).

The emergence of the BMD methodology is a direct response to this necessary paradigm
shift in asphalt mixture design. Defined by the former Federal Highway Administration Expert
Task Group on mi Xxt ur es Asphalimixdesigrsusingypearforinamae test8 MD
on appropriately conditioned specimens that address multiple modes of distress taking into
consideration, mix aging, traffic, climate, and location within the pavement stro¢West et al.,

2018; Yin and West, 2021)n contrast to traitional volumetric design, BMD replaces certain
aspects with performance testing criteria aimed at assessing mixture susceptibility to common
distresses such as rutting and cracking. The methodology requires that a mixture design must meet
specified perfamance criteria for approval, with additional performance testing possibly required
during the production phase for mixture acceptance. While BMD mixtures cannot rectify unsound
underlying pavement structures or inappropriate maintenance treatmentspthgcimn of BMD
nonetheless represents a significant stride towards enhancing asphalt mixture performance.

In the U.S., the recognized environmental and economic benefits of using RAP in asphalt
mixtures have prompted state agencies to implement special provisions allowing for its increased
use in asphalt mixturéZaumaniset al., 2013Martin et al., 202). The strategic incorporation of
RAP not only aims to offset the constantly inflating costs of asphalt binders and fuel for transport
and placement but also reduces carbon dioxide emis&@osnaniset al., 2013Martin et al.,
2020;Abu Saget al., 2023 However, drawbacks to their use exist. High RAP (HRAP) asphalt
mixtures risk becoming overly stiff due to the increased RAP usage, which in turn makes them
more brittle and susceptible to crackifidartin et al., 2020;Sabourj 202Q. Designing HRAP
mixtures presents challenges, mainly in meeting volumetric mix design criteria. The substantial
fine aggregate content in RAP, a result of crushing and milling the material, can lead to aggregate
degradation, complicating the achievemehbptimal volumetric prperties(Golalipouret al.,

2021 McDaniel 2019. Moreover,the high RAP content can trigger a range of construction and
performance issues, including compaction difficulty in cool weather, potential for thermal
cracking, fatigue, and reflective cracking from repeated loading and daily or seasonal thermal
stressesand raveling due to aging or moisture damégeartin et al., 2020).Therefore,one
practical application of the BMD concept lies in the strategic design and production of HRAP
asphalt mixturesThe BMD concept, in conjunction with the use of RAs and/or softer binders,
offers a solution to the complexities inherent in the design and production of HRAP mixtures,
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providing an innovative and practical response to the demands of contemporary pavement
construction.

Regardless of the mix design method employed, the fundamental purpose is to ascertain an
optimal combination of aggregates and asphalt binder that provides acceptable mixture
performance. This derived blend is referred to as the JMF. During the produciass, the JIMF
is subjected to verification and potential modifications at the plant level to account for actual
production and field circumstancéBrown et al., 2009)This becomes patrticularly challenging
when using the BMD concept, as it deviatesnfréraditional specification restrictions on
volumetric propertiesFactors such as equipment calibration, personnel training, and the use of
RAP from various sources could potentially complidie productiorprocessfor contractors.
Furthermore, replicating the largeale mixture production executed in the plant under laboratory
design protocols can be an intricate ende@aown et al., 2009)Differences in asphalt mixture
properties from the original design, which can occur during production, fridgupstigate
premature manifestations of pavement distress or can potentially lead to outright structural failure
(Hughes 2005; Mohammadet al., 2016).Consequently, the implementation of QC measures,
coupled with QA testing, becomes important to ascertain that the produced mixture meets the
design specifications. These scenarios further highlight the necessity of validating and
documenting the impact gfroduction and associated variability on the performance of asphalt
mixtures designed with BMD.

To identify and assess the sources, causes, and degrees of variability in gradation,
volumetric, and mechanical properties, the evaluation of various asphalt mixture specimen
fabrication scenarios is imperative. For instance, NCHRP Proje48 {®eport 88) examined
three core scenarios: (1) laboratonyxed, laboratorscompacted specimens produced during the
design process; (2) planixed, laboratorycompacted specimens used in volumetric acceptance
testing of planfproduced mix; and (3) plamiixed, fidd-compacted specimens employed during
density acceptance testing and forensic evaluation -plaice pavement. The goal of these
assessments was to ascertain the sources of variability and to evaluate the precision and bias related
to the volumetric and athanical properties of dergeaded asphalt mixturémMohammacdet al.,

2016. In addition to these scenarios, other alternatimeludennonreheated andeheated plant
mixed, laboratorycompacted specimens, scenaioound i n the Virdornia VI
contractoréquality control(Diefenderferet al., 2023

Numerous state highway agencies are actively exploring the design and acceptance of
asphalt mixtures based on performance using the BMD cof\tkst et al., 2018; Yin and West,
2021). Virginia is among these agencies dmas been endeavoring to implement BMD for a
substantial period. In 2007, VDOT instituted specifications allowing up to 30% RAP in several
specific SMs. By 2013, VDOT was examining the feasibility of SMs containing up to 45% RAP
(Diefenderferet al., 202}, leading to field trials of mixtusecontaining 4815% RAP contents
(Nair et al., 2019 In 2017, VDOT began to consider the inclusion of performance requirements
for mix designs using the BMD concept. In 2018, preliminary efforts offered performance
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benchmarks for densgraded unmodified surface mixtures, in support of potential pilot projects
with HRAP mixtures.Three fast, simple, and practical performamuicative tests addressing
varying distress modes were selected for use with the BMD method. These were the Cantabro test,
the IDT-CT at intermediate temperature, and the APA test, assessing durabilityngraekd

rutting, respectively. Initial performance thresholds were (Bxwers et al., 2022 and
subsequentlyhe developed performantasel specificationsvere validatedDiefenderferet al.,

2023 Habboucheet al., 2021

Two VDOT BMD special provisions, one for conventio®dlls and one for HRARBSMs
were drafted and revised for use in pilot projé&iefenderferet al., 2023 In 2019, two field
trials were conducted iXirginia, marking the first field applications of the BMD specifications.
These trials entailed the design, production, and application of nine asphalt mixtures which
incorporated varying combinations of RAP contents, two binder grades, RAs, antM#o
additives. Threegperformancendicative testswere conductedon laboratoryproduced design
specimens, as well as noeheated and reheated plpnbduced, laboratorgompacted
specimens. The variability of these test results was documented in (Be¢ddncerfer et al.,

2021]). Subsequent field trials were planned and implemented in 2020. These trials featured asphalt
mixtures with high RAP contents, softer binders, RAs, and a variety of additional additives such
as fibers and softening oi(Biefenderferet al., 202). Based on the data derived from the 2019

and 2020 field trials, there is a need to evaluate a broader spectrum of mixtures with varied
performance responses. This would facilitate the collection of a robust dataset, necessary for either
confirming or debunking the observed lack of correlation and significant difference in results for
the Cantabro, IDICT, and APA tests.

In 2020, a joint research initiative was undertaken by the VTRC, VDOT, and Virginia Tech
involving the design, placement, and accelerated testing of a control mixture and five BMD
mixtures at the Virginia APT facility, owned by VDOT and located at the (Tdhg et al., 2023)

This effort served, in part, as a highly controlled application of the BMD special provisions to
production, offering an opportunity to scrutinize the implications of these specifications on various
aspects such as the design, praidng quality control and assurance practices, and construction
of HRAP SMs(Tonget al., 2024

4.3. Objective and Scope

The primary objective of this paper is to assesdrtipact of production and associated
variability ona control mixture and five engineered mixtures designed using the BMD concept.
This responds to the need for VDOT field trisladiesto evaluate a broader spectrum of mixtures
with varied performance responses. The assessment provided herein will offer comprehensive
laboratory performance test references for quality measurement practices within BMD
implementationln addition, this study lag the foundation for future work aimed at bridging the
gap between laboratory testing and APT field performance measur@metcomplish this, in
addition to testing perforanceduring the design process, a comprehensive laboratory assessment
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focused on durability, cracking resistance, and rutting performance was undertaken on the
mixtures collected during producti@and paving of the APT facilityStatistical analyses &re

carried out to discern performance differences anbfigrent specimensncluding laboratory

mixed laboratorycompacted specimerfdesigns) plantmixed laboratorycompacted specimens
(nonreheats), and plamhixed laboratorycompacted specimens fabricated after a reheating
process (reheatsh total of 648 specimenwere ewaluated in this studyn essence, the paper is
structured to methodically addrdssir fundamental inquiries:

1. Comparing and evaluating the three primary BMD test resudisding Cantabro test,
IDT-CT, andAPA rutting testacross six mixturesand demonstrating theriationsin
differentperformances.

2. ldentifying statisticalsignificance between different specimens (designs vsretoeats
vs. reheats) and among different samples collected during production for each BMD tests.

3. Assessing the influence of the reheating process on the three primary performance indices
of the plamtproduced mixtures

4. Exploring a more effective method feimultaneouslevaluatingmultiple BMD primary
performance metrics.
4.4. Methodology
4.4.1.Experimental Program

A total of six mixtures encompassing one control and five BMD 9.5mm dgased SMs
were designed, produced, and sampled for evaluation in this study. The experimental protocol
included conducting volumetric and BMD laboratory testinglesigns, nommeheats and reheats
followed by comprehensive analyses to evaluate the performance characteristics of these mixtures,
as illustrated irFigure4-1.
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Volumetric (V) & Design Cantabro Test
Design  |>| Gradation(G) Analyses Speci — (3 Specimens for 1 Sample)
pecimens
(1 Sample)
Non-reheated —> . IDT —CT
Specimens . BMD Testing (5 Specimens for 1 Sample)
Plant Production —> ( 4Ss;mplnl1g )
amples Reheated L APA Test
Specimens (4 Specimens for 1 Sample)
—> | Sample 1 Producer: G; VDOT: V+G; VIRC: V+G
Volumetrice (V) &
Gradation (G) Analyses Sample 2 VDOT: V: VIRC: V-G
(4 Samples) i
—
Sample 3 Producer: G; VDOT: V+G; VIRC: V4G
e
Sample 4 VDOT: V; VIRC: V + G

Figure4-1. Experimental Plan for Laboratergnd PlantProduced Mixtures. BMD = balanced
mix design;IDT-CT = indirect tensile cracking test; APA = asphalt pavement analyzer; G =
gradation analysis; V = volumetric analysiDOT = Virginia Department of Transportation;
VTRC = Virginia Transportation Research Council

4.4.2. Mixture Designs

The mixtures incorporated various combinations of RAP contents, two PGs, one RA, and
one WMA additive. Design specimens were laboratgmpduced laboratorgompacted
specimens, fabricated for mixture desighe mixtures are definad Table3-1.

4.4.3. Production Sampling

Sampling of the loose mixture was conducted four times throughout each day of
production. The production sampling plan for each mixture is outlinEdjure4-1. Experimental
Plan for Laboratoryand PlartProduced Mixtures. BMD = balanced mix desigDT-CT =
indirect tensile cracking test; APA = asphalt pavement analyzer; G = gradation analysis; V =
volumetric analysis VDOT = Virginia Department of Transportation; VTRC = Virginia
Transportation Research CouncBamples were sequentially labelled frano 4 (A to D) for
each mixture andample of test specimens were correspondingly labelled based on the sample
from which they were fabricated (for instance Cantabro spec#aemplel was fabricated from
samplel for the mixture under evaluation). The producer generally performed a gradation analysis
on sampled and3. The VDOT district laboratory determined the volumetric properties for all
four samples, in addition to determining the gradation for samesl3. The VTRC laboratory
determined volumetric propertieacggradation for all four samples of each mixture. THree
entities collected the samples at the same time from the same production lot.

The loose mixture samples collected during production for BMD testing underwent one of
two procedures: they were either transported to the producer's laboratory and immediately
compacted into test speciménthese were referred to asnreheats or they were placed in
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boxes, delivered to VTRC, and stored in a clir@irtrolled area for subsequent evaluation after
reheatingReheatsvere prepared by VTRC by reheating the loose mixture stored in boxes until
the material was workable. After this, the material was divided into quantities sufficient for
specimen fabrication. The material was then heated to the appropriate compacteratien@and
compactedDiefenderferet al., 202 Mixtures were not subjected to any additional oven aging.
A total of 648 specimens weralricated for theéhreeBMD testsconsidered in this study

4.44.BMD Tess

BMD testing for this study included thréests adopted in Virginia: Cantabro test, DT
CT, and APA test, which assess durability, cracking, and rutting, respe¢iiefgnderferet al.,
2023;Bowerset al., 2022 The corresponding thresholds/criteria for these tests are shdwblm
4-1. Cantabrdest has beerecognized as a promising tool to assess the durability of-@dgaded

asphalt mixtures, as supported by several previous studies and(€ftoces al., 201). The CML

was determined in accordance with AASHTO T 401 the three gyratory specimens used to
determine volumetric properties. The T was conducted at a temperature of 25°C in

accordance with ASTM D822%9 on five replicate test specimermnpactedt 7#0.5% air void.

The APA test was performed in accordance with AASHTO T 340 at a temecht64°C; four
replicate test specimens were tested in an APA Junior machiree APA specimens were
compactedat #0.5% air void. In addition,VDOT requires that thenoisturesusceptibility of
asphalt mixturebe evaluated by means of AASHTO T 28®wever, this evaluation is only
required for the first production |gBozet al., 202} and is not discussed further in this studle
contractor performed thmoisture damageest, and all mixtures met the TSR requirement of 0.80.

Table4-1. Virginia Performance Testing Criteria

Test Test Method Specimens Criteria
Cantabro test AASHTO T401 3 replicates Mass losd) 7.5%
APA test AASHTO T 340 4 replicates Rutting 8.0 mm
IDT-CT test ASTM D 8225 5replicates CTindex 70
Moisturedamage test AASHTO T 283 6 replicates TSRO 80%

APA = asphalt pavement analyzer; IEIT = indirect tensile cracking tesSiSR = tensile strength ratioh&

corresponding data collected by the proddoe SRwas not discussed in this manuscript.

4.4 5. Statistical Analyses

To determine whether there are statistically significant differences between various
specimens (designs, noeheats, and reheats) and among the four produced sdorpdiée$erent
mixtures statistical analysis using various available tests was conducted usingSERIStcs
(Braveret al., 2003 The Shapirewilk (SW) test was used to evaluate the normality of the
performance indicef®r each mixture. The null hypothesis posited bySkétest was that the data
conformed to a normal distribution. Shotite pvalue fall below 0.05, the null hypothesis would
be rejected, leading to the conclusion that the dats dot follow a normal distribution.
Subsequentlyhie Levene's Test was employed to assess the equality of varigimeesalysis of

variance (ANOVA) al ong wi t h

the Tukeyods

pairwise
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significance level of 5%Braveret al., 2003 The ANOVA results are presentedwith e Tuk ey & s
pairwise comparisopertaining to the comparison of different treatments (designs vaeheats

vs. reheats) and different samples during production. However, for those data not fotlmaving
assumptions of normality or homogeneity of variaaggnparametric tegat a significance level

of 5%), the KruskaWallis (KW) testwasemployedas an alternative tine more traditiongbair-

wise comparisorest(Ostertagovéet al., 2013 Results are represented in Tablel &and Table

A-2 for differentBMD tests.

4.5.Results
4.5.1.Mixture Volumetric Properties and Gradations

Producer and VDOistrict data for volumetric properties and gradations were available
from VDOToé6s Materials I nformation Tracking Sy
corresponding reheated samples were performed by VTRC. The data collected included gradation
andasphalt binder content; theoretical maximum and bulk specific gravitiesai@ Gnb); VTM;
voids in mineral aggregate (VMA); voids filled with asphalt (VFA); bulk and effective aggregate
specific gravities (&and Ge); fine aggregate to asphalt raticA)-percent binder absorbedvé?
effective binder content ¢B); andeffective asphalt film thicknes&dg). The allowable production
tolerances for volumetric properties and gradation sieves can be found in the VDOT specifications
(vDOT 2020.

Table4-2 presents the results of production volumetric analyses performed by VDOT (
nonreheas) and VTRC for reheas$). Specimens prepared for the volumetric analyses were
subsequently used for Cantabro testiflge production tolerance values were used for acceptance
of the control mixture and used only as atreé reference for BMD mixtures, as only mixture
30_C was designed in accordance with volumetric requirements. The other five mixtures were
designedusingBMD approach D (performance onlygnd volumetric requirements were waived,
except for the production tolerance requireraemt asphalt conterand gradation@jiefenderfer
et al., 2019 The asphalt binder content in all produced mixtures fell within acceptable tolerance,
with the exception of some samples from mixture 45 HR that exceeded this tol&tatatsy,
mixture 45 HR exhibited the highest binder content among all evaluated mixtures. This high
binder content, combined wittxtremely lower air void observed during production, contributed
to the "wet" nature of mixture 45 HR.

Mixture 30_C exhibited the fewest volumetric properties that exceeded tolerance ranges.
For produced mixture 30_O specimens, higher than acceptable VTM were observed, along with
lower than acceptable VFA. Regarding HRAP mixtures, deviations outside oéltgtiowable
tolerance ranges were primarily evident in VTM, VFA, and FA ratio values. This deviation
stemmed from the mixture design process, which resulted in higher asphalt contents. This,
combined with the aggregate structure, led to mixtures witeddi¥M and higher VFA and FA
ratios compared to those seen under VDOT's current volumetric design process. These changes in
the mixture structure, influenced by the high RAP content, introduced more fines to the mixture.
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Variability in volumetric properties was more pronounced in mixture 60 _HR_L_RA featuring the
highest RAP content.

Table4-2. Summary of Primary Volumetric Properties Determined on Mixtures During
Production

Propert IME Production Samplel Sample2 Sample3 Sample4
perty tolerance | VDOT | VTRC | VDOT | VTRC [ VDOT | VTRC | VDOT | VTRC
Mixture 30 C
AC, % 5.6 +0.3 5.57 5.47 5.39 5.44 5.69 5.76 5.60 5.39
Gmm 2.531 - 2536 | 2545 | 2545 | 2.604 | 2543 | 2.538 | 2.542 | 2.546
VTM, % 4.0 2.05.0 4.4 4.6 4.0 6.0 4.2 4.0 3.8 4.4
VMA, % 16.8 Min. 16 17.1 17.1 16.4 18.6 17.2 17.2 16.7 16.7
VFA, % 76.2 70-85 74.2 72.9 75.5 67.5 75.8 77.0 77.1 73.6
FA Ratio 1 0.7-1.3 1.1 1.1 1.2 1.1 1.1 1.0 1.1 1.1
Mixture 30_O
AC, % 6.0 +0.3 6.12 6.12 6.18 6.14 6.10 6.09 6.12 5.97
Gmm 2.517 - 2520 | 2524 | 2523 | 2515 | 2521 | 2529 | 2.523 | 2.523
VTM, % 2.1 2.05.0 5.8 54 6.1 4.6 6.5 5.9 6.1 54
VMA, % 15.9 Min. 16 19.5 19.1 19.9 18.4 20.0 19.5 19.9 18.8
VFA, % 87.0 70-85 70.0 71.7 69.1 75.2 67.5 69.8 69.0 71.1
FA Ratio 1.1 0.7-1.3 1.0 1.1 - 1.1 1.1 1.0 - 1.1
Mixture 45 HR
AC, % 6.8 +0.3 6.81 6.72 6.87 7.22 6.67 7.11 6.82 6.97
Gmm 2.497 - 2500 | 2506 | 2503 | 2505 | 2512 | 2508 | 2.515 | 2.510
VTM, % 5.2 2.05.0 0.3 0.8 0.5 0.6 0.6 0.6 0.8 0.6
VMA, % 20.2 Min. 16 16.1 16.4 16.5 17.5 16.2 17.2 16.7 16.9
VFA, % 74.3 70-85 98.3 95.3 97.1 96.5 96.1 96.4 95.2 96.4
FA Ratio 1.2 0.7-1.3 1.2 1.1 - 1.2 1.2 1.2 - 1.2
Mixture 45 HR RA
AC, % 6.2 +0.3 6.10 6.19 6.24 6.15 6.30 6.34 6.28 6.21
Gmm 2.519 - 2540 | 2541 | 2542 | 2546 | 2539 | 2541 | 2.536 | 2.535
VTM, % 2.7 2.05.0 1.9 2.1 2.6 2.6 2.2 2.6 2.6 2.3
VMA, % 16.9 Min. 16 16.0 16.4 17.0 16.8 16.8 17.3 17.1 16.7
VFA, % 84.0 70-85 88.5 87.5 84.9 84.6 86.9 84.7 84.8 86.0
FA Ratio 1.2 0.7-1.3 1.4 1.5 - 1.4 1.2 1.2 - 1.3
Mixture 45 HR L
AC, % 6.0 +0.3 6.05 5.97 6.00 6.00 6.07 6.16 6.17 6.02
Gmm 2.521 - 2522 | 2536 | 2547 | 2544 | 2536 | 2533 | 2.534 | 2.537
VTM, % 4.2 2.05.0 1.9 2.0 3.2 3.2 24 2.6 3.2 3.0
VMA, % 17.9 Min. 16 16.1 16.0 17.2 17.2 16.7 17.0 17.5 17.0
VFA, % 76.6 70-85 88.2 87.7 81.5 81.6 85.3 84.8 81.8 82.3
FA Ratio 1.3 0.7-1.3 1.3 1.2 - 1.2 1.2 1.2 - 1.2
Mixture 60 HR L RA
AC, % 6.0 +0.3 5.99 5.89 5.84 6.14 5.7 5.88 6.01 5.90
Gmm 2.538 - 2523 | 2550 | 2548 | 2548 | 2547 | 2546 | 2.537 | 2.542
VTM, % 1.5 2.05.0 0.2 1.4 1.3 1.7 1.9 2.4 2.1 2.2
VMA, % 15.3 Min. 16 14 15.0 14.8 15.8 15.0 15.8 15.8 15.7
VFA, % 90.0 70-85 98.9 90.4 91.2 89.5 87.1 84.6 87.8 85.9
FA Ratio 1.5 0.7-1.3 1.5 1.4 - 1.4 1.4 1.3 - 1.4

AC = asphalt binder content;f = maximumspecific gravity; VTM =voids in total mixture; VMA = voids in
mineral aggregate; VFA = voids filled with asphalt; FA = fines to asphalt; VDOT = Virginia Department of
Transportation; VTRC = Virginia Transportation Research Council; C = control; O = optimiRed;High
reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder.
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Generally, the gradations of different samples across each mixture, as determined by the
producer, VDOT district, and VTRC, were within the allowable production tolerance. Table 1
details the gradations of the mixture designs, which are sholigume4-2. Figure4-2 indicates
that the design gradations of the six mixtures closely resemble one another, with standard deviation
in passing percentages at different sieve sizes ranging from 0 to 2.1%. The design gradations,
alongside the average producer, VDOT distric] ®TRC gradations, are shown kigure4-3.

Overall, the gradation curves of the desjgronreheats, and reheats are strongly congruent, with
the curves of the nereheas and reheats showing neaerfect overlap.
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Figure4-2. DesignGradations for the Six Mixtures. C = control; O = optimized; HR = high
reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder.
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Figure4-3. Average Aggregate Gradations Determined During Design by Producer and During
Production by Producer, VDOT District, and VTRC for: (a) Mixture 30_C; (b) Mixture 30_O;
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(c) Mixture 45 _HR; (d) Mixture 45_HR_RA,; (e) Mixture 45 _HR_L; and (f) Mixture
60_HR_L_RA. VDOT = Virginia Department of Transportation; VTRC = Virginia
Transportation Research Council; C = control; O = optimized; HR = high reclaimed asphalt
pavement; RA xecycling agent; L = softer virgin binder;= average standard deviatign.

from producer missed for mixture 30_0O, because only fsamhple was checked by producer.

4.5.2 Durability Assessment

The Cantabro testasused to evaluate the durability of AC mixtuf€ox et al., 201y}
and was performed odesigrs, nonreheas, and reheat Figure 4-4 shows theCML for all
mixtures with its sample standard deviation. The lower CML indicated better durability
performance. The maximum limit of 7.5% as specified by the VDOT BMD special provwsion
represented by a red dashed lisk plant-produced HRAP BMD mixture samples complied with
the maximum 7.5% CML VDOT BMD limit requiremerileanwhile, # plant-produced BMD
mixtures exhibited superior durability comparedthat of mixture 30_C, as indicated by their
lower meanCML valuesin Table 4-2. These observationshighlighted the enhancement of
durability in BMD mixtures attributed to higher binder conténtcomparison to HRAP mixtures,
mixtures 30_C and 30_O exhibited a more pronounced discrepancy betweeprqiaced
mixtures and laboratorgroduced mixtures in terms of CML. In the case of mixture 30_0O, such
discrepancies could be attributed to higherM/&nd lower VFA compared to the designs.
Furthermore, the control mixture 30_C showed increased sensitivity to plant production variations
compared to BMD mixtures.

The CML values of the plasmgroduced mixtures (both neeheas and reheats) were
significantly higher compared to the corresponding desiblowever, exceptionareobservedn
Table A3 of the Appendix: in the comparison between the desigd reheats for mixture 45_HR,
the plantproduced mixture, with its higher asphalt content and lower VTM, exhibited a reduced
CML. Additionally, in the comparison between designd norreheat®f mixture 60_HR_L_RA,
there was no significant difference detecddlumetric pills were used for th€antabo test. The
plantproduction variability and the massntrolled compaction may be factors impacting the
CML. Additionally, auniform pattern was observed across all mixtures, wherein the reheats
significantlypresented higher CML values than thesneheated counterparts. This suggested that
the reheating process may generally result in lower durgbithtych aligns with previous studies
(Diefenderferet al., 202). A more detailed comparison cfheas and norreheatsan be found
in Table A5 of the Appendix.Statistical significance is generally not found among samples in
both nonreheats and reheatdowever, exceptions were observed betweenrsbeats 3 and
nonreheats 4 of mixture 45 HR _RA, and between reheats 2 and reheats 3 of mixture
60 _HR_L_RA. These discrepancies can be attributed to variations in VTM and VFA, as shown in
Table4-2.

Table4-3 provides a summary of the descriptive statistics employed i@ Rie of plant
produced mixtured-or nonreheats, the coefficient of variance (COV) exhibited a range between
9.6% and 20.5%with the lowest COV was observed in the 30_C mixtdiee COV values for
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reheats consistently remained below their correspondingref@ated counterparts, varying
between 8% and 12.9%An important factor to consider is that the preparation ofrebeated
specimens must be completed shortly after sampling during production. However, there is
typically less time pressure associated with preparing reheated specimens.

10 10 10
9 L |]\‘]ixture 30_C 9 Mixture 30_O 9 |N[ixture 45_HR|
8 = N N L _____ o]
7 { { 7 i 7
o e c
=6 =6 =5
o o <
gs El g s
- = -
g 4 24 g 4 T = 5
=3 = 3 =3 I
2 2 2
L 1 1
0 . 0 0
NR R |NR R |(NR R NR R NR R |NR R [NR R |[NR R NR R |[NR R [NR R |[NR R
1 2 3 4 1 2 3 4 1 2 3 4
D Production samples D Production samples D Production samples
() (b) (©)
10 = 10 10
9 Mixture 45 HR_RA o Mixture 45 HR_L 0 [Mixture 60_HR_L_RA|
N e s e e e B e B B 8 8
7 ] 7 I 7 !
s 1 B o
2 ARy ] AR TN ! "
] @ * I
R I R 8 s
- - -
2 4 2 4 e 4
o k] o
=3 =3 =3
2 2 3
1 1 1
0 0 0
NR R |[NR R |[NR R (NR R NR R (NR R [NR R |[NR R NR R |[NR R [NR R |[NR R
1 2 3 4 1 2 3 4 1 2 3 4
D Production samples D Production samples D Production samples
(d) (©) (0

Figure4-4. Cantabro Mass LodResults for Mixtures: (a) Mixture 30_C; (b) Mixture 30_0O; (c)
Mixture 45 HR; (d) Mixture 45 _HR_RA; (e) Mixture 45 _HR_L; and (f) Mixture 60_HR_L_RA.
Values are the average of three replicatdémrs indicate + one standard deviafiGn= control;

O = optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin
binde; NR = Nonreheats; R = ReheatRed dashed line = BMD special provision limit.

Table4-3. Summary of Descriptive Statistics for Performance Tests of Plattuced Mixtures

Mass loss, % Mean cov
' Non-reheats Reheats Non-reheats Reheats
30 C 7.4 8.7 9.6 9.3
30 O 5.8 8.2 14.7 8.8
45 HR 2.4 3.7 18.1 12.9
45 HR RA 4.3 6.2 20.5 11.7
45 HR L 5.0 6.3 10.6 10.0
60 HR L RA 4.6 6.1 11.5 10.4
CT index Mean cov
Non-reheats Reheats Non-reheats Reheats
30 C 138.8 54.1 20.7 9.4
30 O 242.2 75.9 24.0 25.3
45 HR 943.7 405.2 20.4 28.3
45 HR RA 342.2 158.0 24.7 49.6
45 HR L 220.0 94.3 33.7 20.4
60 HR L RA 219.7 101.2 22.0 21.1
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APA rut Mean cov

depth, mm Non-reheats Reheats Non-reheats Reheats
30 C 4.2 4.3 26.6 26.8
30 O 6.1 4.3 22.4 20.6
45 HR 11.9 6.7 12.2 15.2
45 HR_RA 5.3 5.1 20.7 16.6
45 HR L 4.4 4.5 30.0 25.4
60 HR L RA 3.9 5.2 33.3 21.2

COV = coefficient of variationCT = cracking tolerance; APA = asphalt pavement analyzerrontrol; O =
optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin.binder

4.5.3. Cracking Performance Assessment

The IDT-CT (also known as IDEAICT) is being used by VDOT to assess mixture
resistance to crackingigure4-5 displays the mean IDTT test results along with the respective
sample standard deviatiariBhe higher CT index indicated the higher cracking resistance. The
minimum limit of 70 as specified by the VDOT BMD special provision was represented by a red
dashed lineln general, all produced HRAP BMD mixtures met the VDOT BMD CT index
threshold of 70, indicating satisfactory cracking resistance. Nevertheless, lower CT indices were
observed in the reheats of mixtures 30_C and 30_0O, with this phenomenon being particularl
pronounced in mixture 30_hese observationsvere similar to findings from Cantabro tests,
highlighting the enhancement of cracking resistance in BMD mixtures attributed to higher binder
content Additionally, dl BMD mixtures exhibited better crackingsistance compared to mixture
30_C, as indicated by their higher mean CT index values (the same pattern found in the durability
evaluation) shown inTable4-3.

Reheas across different mixturedemonstrated CT index values closer to the dedmgn
all mixtures. Norreheas generally exhibitedignificantly higher CT index values compared to
designs excluding mixture 45 _HR_L and 60_HR_L . RAe disparity between rehsand nor
reheatsacross different mixturgsrovedto be statistically significant, as illustrated in TableltA
of the Appendix This observation underscored the potential aging effect introduced during the
reheating process, which mayptentially compromise the cracking resistance of the mixtures
aligning with finding from previous studiesDiefenderferet al., 2021 The sensitivity to
reheating varied among different mixtures. In the pairwise compaitisomgthe KW tedbetween
samples presented in TableG%f the Appendix, thabsencef statistically significandifferences
among four samples in both nogheats and reheats indicates a consistent-ptaduction and
specimens fabrication process. Note that the-@JT specimensvere compacted at VTM of
7+0.5%.Compared with Cantabro specimewmslgmetric pill9, the controlled air voids may have
contributed to lesstatistical significanceariance in the CT irek between design and production
specimens

In the case of nereheas, the COV ranged from 20.4% to 33.7%hile for reheats, COV
values ranged from 9.3% to 49.6% most instances, the COV of the CT index exceeded VDOT's
singleoperator precision estimate (1s) of 18.3%alfboucheet al., 2022 Furthermore, a
consistent trend of higher CT index COV for all BMD mixtuness observedompared to mixture
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30_C, except for the nereheats of mixture 45 HRThis could be attributed tchigher RAP
contents, as RAP stockpiles are known to be variable and require stoateol and better
management during production.
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Figure4-5. Performance Test Data for IBTT: (a) Mixture 30_C; (b) Mixture 30_O; (c)

Mixture 45 HR; (d) Mixture 45_HR_RA; (e) Mixture 45 _HR_L; andNfixture 60_HR_L RA.
Values are the average of five replicatelsats indicate + one standard deviatiG; = cracking
tolerance; C = control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling
agent; L = softer virgin binder; NR = Naeheats; R = RehealRepddashed line = BMD special
provision limit

4.5.4. Rutting Performance Assessment

The APA rut test was conducted in accordance with AASHTO T 340. A higher APA rut
depth (RD) value indicated an increased susceptibility to rutting damage. The APA test results for
the respective mixtures are illustratedrigure 4-6. Within this figure, each bar symbolizes the
mean values derived fromrRolds (4 specimens), accompanied by its corresponding error bar
denoting the range of plus or minus one sample standard deviation. Note that-tkheais of
both sampld and3 in mixture 45 _HR only have a final mean value documented. The maximum
8 mm threshold is represented by a red dashed line.

All  mixtures except the nomeheats of mixture 45 HR, met the VDOT BMD
recommended thresholsf 8 mm This could be attributed to the incorporation of an excessive
asphalt binder content during the production. Such observations indicate that for BMD mixtures,
rutting performance can achieve a wadllanced status during both the design and production
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phases. Furthermore, there are no significant differences betweelediges and production
samplegboth reheats and naeheats), except for tlesigrs vs. nonreheats of mixture 45 HR,
where a significant differencewvas detected as shown in TableBAof the Appendix. A more
detailed comparison, presented in Tabté éf the Appendix, reveals the absence of statistically
significant differences among the four samples in both-rebeats and reheats, indicating a
consistent plarproduction and specimdabrication processAdditionally, the reheating process
introduced a potential aging effect, resulting imlecreased APA RBor mixtures 30_O and

45 HR. However, the effect of the reheating process on rutting performance varied when RA or
soft binder conditions were applied to mixtures, including 45 HR_RA, 45 HR L, and
60 HR_L_RA.Similarly, likely due to air void requirementstatistical differences in the APA

RD test between produced specimens and designs were less significant than that of the Cantabro
test. In Table 3,dr nonreheas, COV values exhibited a range spanning from 12.2% to 33.3%.
For reheats, COV values ranged from 15.2% to 26.8%.

Mixture 30_C Mixture 30 O Mixture 45 HR
12 12 = 12 ;
10 10 10 &
E g g
E_ e e S R I i E 8 F-—--FF-—--- 5 el Bl iy A----
s E 56 208 5
2
g I e T I a
= = s 4
z L I g a L |2
- -« -
a 2 . 2 2
E: E =
0 0 0
NR R |NR R |[NR R |[NR R NR R |[NR R |[NR R |NR R NR R [NR R |[NR R |NR R
1 2 3 4 1 2 3 4 1 2 3 4
D Production samples D Production samples D Production samples
(a) (b) (©)
14 14 14
. Mixture 45 HR RA Mixture 45 HR L IMixturc 60 HR 1. RA
12 12
10 10 10
g E g
= T e e e R T e e B 8 p-----mmmmmmmmm o m o
£ g £
26 I E 6 26 }
=] I e =
24 =g 1 =4 =
&= = ]
£ 2 <2 =02
- -«
0 0 0
NR R [NR R |[NR R |NR R NR R |[NR R |NR R |[NR R NR R |[NR R [NR R |[NR R
1 2 3 4 1 2 3 4 1 2 3 4
D Production samples D Production samples D Production samples
(d) (e) M

Figure4-6. Performance Test Data for APA Rut Depth at 64°C and 8,000 Loading Cycles: (a)
Mixture 30_C; (b) Mixture 30_0O; (c) Mixture 45 _HR; (d) Mixture 45 _HR_RA, (e) Mixture

45 HR_L; and (f) Mixture 60 _HR_L_RA/alues are the average of three replicatémrs

indicate = one standard deviatigkPA = asphalt pavement analyz€r= control; O =

optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin
binder; NR = Norreheats; R = ReheaRed dashed line = BMD special provision limit
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4.6. Additional Discussionand Analyses
4.6.1. Assessing th&ffect of Reheating

Based on paiwise comparisongTable A4), there were no significant differences in
performance indices among the four produced sampldsofornonreheats and reheats, except
for two casegnonreheat3 vsnonreheat4 of mixture 45 HR_RA andeheat2 vs.reheat3 of
mixture 60 HR_L RA)from Cantabro specimens. The relationship between the mean
performance indices of neneheats and reheats for the six evaluated mixtures is illustrated in
Figure4-7 using mean sample valuésgure4-7a andrigure4-7b reveal that the reheating process
resulted in highelCML values and lower CT index, suggesting a potertd&dreasan the
durability and cracking resistance of the produced mixtures for both control and BMD mixtures.
The currenCML requirement established by VDOT is based on refteshecimend his analysis
indicated that a mea@ML value of 7.5% for reheats corresponded to a n@dh value of 5.8%
for nonreheats, as indicated by the regression equation presefigdried-7a. Notably, nineteen
out of twentyfour (79.16%) mea®ML values for norreheats fell below the 5.8% threshold. In
contrast, all reheats from 30% RAP mixtures exceeded the 7.5% limit. Regarding the CT index,
an independent analysis conducted by VTRC examined the potential correlation between CT index
values fo reheats and norreheats using data from field trials spanning 2019, 2020, and B621 (
et al., 2023andincluded both control and BMD mixtures. The study recommended a CT value of
95 as a criterion for nereheats. Applying this criterion, it was obsed that all nosreheats
(100%) evaluated in this study exhibited mean CT index values exceedirgr 8heatsfive out
of twenty-four (20.83%) mean CT indexaluesfell below 70, ashownin Figure 4-7b. Figure
4-7c indicated that the impact of the reheating process on rutting performance of evaluated
mixtures, excluding mixture 45 HR, was not significant. A total of twenty out of twienty
(83.33%) mearRD values for norreheats were less than 8.0 mm, while all reheats (100%)
evaluated in this study exhibited mean APA RD below 8 mm.
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Figure4-7. Relationship Between Nereheats and Reheats: (a) Cantabro Test; (b)@DTTest;
(c) APA Rutting Test. RD = rut deptl; = control; O = optimized; HR = high reclaimed asphalt
pavement; RA = recycling agent; L = softer virgin bindéR = norreheats; R = reheats; Solid
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black I ine = equality |ine. Solid red |Iine =
asphalt surface mixtures.

4.6.2. Quantifying the Degree ofBalance for theProduced Mixture

In the preceding analysis, the results of the BMD performance tests were discussed
individually, employing the VDOT BMD thresholds established based on reheats. Additionally, it
determined the limits applicable for the analysis of -relreats. The followip section was
primarily devoted to conducting a comprehensive assessment of whether the produced mixtures
maintain balance among different performance indices during production. To facilitate the
assessment, traditional comparative methods necesstgdte sets of pairwise comparisafs
primary performancesBpwerset al., 2023 Figure 4-8a, Figure 4-8b, Figure 4-8c respectively
illustrate the comparisons between the {OT and Cantabro test; the APA rut test and Cantabro
test; and the IDICT and APA rutting test, respectively, for both designed and produced mixtures.
However, the CT index of nereheated specimei$ mixture 45_HR was excessively high. For a
more effective visualizationkigure 4-8d displays the IDICT vs. APA rut test comparison,
excluding norreheats of mixture 45 HR. In addition to presenting the mean values of different
performance indices, VDOT BMD limits for reheats and applicable limits forrabeats were
represented by sdland dashed lines of different colors, respectivElytrently, VDOT has not
specified a limit folCML when evaluating nomeheats; thereforghe limit of 5.8% derived from
last sections used solely for the purposes of this stuldyo rectangulagreenblocks indicate the
regions where mixtures maintain balance, with the lighter region designated for reheats and the
darker region for noneheats.
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Figure4-8. Comparison of Mean Performance for Each Mixture Variatf@hlDT-CT vs.

Cantabro test; (b) APA Rutting Test vs. Cantabro test; (c}@Dvs. APA Rutting Test; (d)

IDT-CT vs. APA Rutting Test without nereheats of mixture 45 _HR. CT = cracking tolerance;

RD = rut depth; D = design; NR = noaheats; R = reheat€ = control; O = optimized; HR =

high reclaimed asphalt pavement; RA = recycling agent; L = softer virgiehBalid lines =

VDOTds balanced mix design | i pDashedflmes=r eheated
VDOTods bal anced mirghealed asphgltrsurface mixtures.f or no

In the analysis, it was evident that while pairwise comparisons were effective in evaluating
two primary indices, assessing the balance status of three primary indices in this paper through
this comparison method céwe cumbersome and prone to oversight. Tong e2@24 employed
a ThreeDimensional (3D) plot to comprehensively analyze the relative relationships among the
three primary performance indices of six mixtures and proposed a Composite Performance Index
(CPI) to evaluate mixture overall performances. Inspingdhis approach, this paper also aimed
to utilize 3D plots to examine the balance status of produced mixtures among three primary
performances and propose a revised CPI, denoted astGBValuatehe composite performance
for produced mixtures. This composite performance encompasses considerations of durability,
cracking resistance, and ruttingsistance&oncurrently For the 3D plot, each performance index
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should be normalized by its corresponding threshold using Equétibtteough-3. The purpose
of obtaining the normalized indices is to evaluate the mixtures' performances using a unified
manner Specifically, a smaller normalized index indicates better performance. For the CT index,
a larger value signifies better cracking resistance, which is opposite to the trends of other metrics
such as<CML and RD. Therefore, Equatiod-@) is formulated differently compared to Equations
(4-1) and 4-2). Table4-4 presents the normalized performance indices of the evaluated produced
mi xtures. I f a value exceeds 1, it indicates
balanced and is marked in red. This outcome is succinctly depicted byDthmoB with CML,
RD, and CT index corresponding to the X, y, and z coordinates, respectively.

Figure4-9 displays the @ plots for all produced mixtures, wherein points within a red
unit cube reflect mixtures maintaining a wiellanced status across three primary performances.
Moreover, mixtures closer to the origin denote better composite performange.r&iesenting
the distance from the origin to the point on the Blot, can be computed using Equatiba. The
0 RO# (O standsfoiir evi s edo aimdidatingthate Bwet @ dalue, approaching
zero, denotes superior composite performance of the respective mixture.

®w 0&1 awaddy Q— Equation4-1
w 01 awaVh QQ—— Equation4-2
a 0€i1 aaddN QO Equationd-3
600 6w 6w 64 Equation4-4

WhereCML thresholds for noffeheats and reheats are 5.8% and 7.5%, respectively; RD
thresholds for nomeheats and reheats are both 8 nmaW;index thresholdfr nonreheats and
reheats are 95 and 70, respectively; ACBareweight factors, in this case, A=B = C =1.

Addressing the constraints of conventional pairwise comparisons, the utilizatieD of 3
plots offers a more intuitive approach to assessing the balanced status of produced mixtures.
Additionally, 3-D plots incorporate a scaling function that can mitigageitnpact of extreme test
results, such as the CT index of 45 _HR (refefigure4-8c andFigure4-8d), thereby reducing
interference in imagbased analyses. Owing to distinct thresholds forneteats and reheats,
separate -D plots for each are depicted kigure 4-9a andFigure 4-9b. For HRAP mixtures,
among norreheats, 75% (12 out of 16) of mixtures exhibited balanced performance across three
primary metrics, albeit with nereheats of 45 HR falling short of the 8 mm limit. Conversely, all
reheats of HRAP mixtures achieved a ba&h performance across all three primary metrics,
attaining a 100% balance rate. Instances of unbalanced performance were predominantly observed
in 30% RAP mixtures, particularly evident in_3D. Despite the normalized RD metric for all such
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cases meeting the prescribed limit, both-neimeats and reheats of mixture 30_C failed to meet
theCML limit. Additionally, reheats of 30_C also failed to meet the CT index limit. As for mixture
30_O, the primary issue arose from reheats failing to me&htelimit.

Table 4-4 also provides a summary of all GRlalues, with those exceedirig73 (the

length of the diagonal of a unit culido] in 3-D plot) highlighted in yellow. Notably, the GPI

values for all HRAP mixtures remained beldw/3 It was also evident that exceeding a single
prescribed limit might not necessarily result in a CPI exceetliid@ However, a significant
increase in CRIvalues surpassing.73was primarily observed in the reheats of mixture 30_C,
attributed to both it€ML and CT index exceeding their respective limits of 1. In this study, the
CPIr calculation used identical weight facs¢A=B=C=1) for the three disct metrics, withl.73

serving as an initial limit for CRRl As additional laboratory experimental data and further field
performance evaluatiom®llected and compiled togeth&ansportation agenciesin undertake a
thorough assessment of the composite performance of BMD mixtures and, if necessary, establish
correspondingCPIr thresholds. Furthermoragenciesan more effectively use thHePk as part

of their acceptance program to determine appropriate pay factors, determining contractor bonuses
or penalties based on singlelnified index that reflects the composite performance in terms of
durability, cracking, and ruttingtHowever, it is crucial to clarify that the weight factors (A, B, C)

in our study are applied to the normalized values o€k, RD, and CT indices (as per Equations

3-1to 3-3). These normalized valubavealready taken into account the varying levels of concern
different states have for different types of distress, which is reflected in the selection of different
prescribed test thresholds. For instance, Virginia has chosen thresholds of 7.5%, 8 mnfioand 70
the CML, RD, and CT indices, respectivdly states where cracking resistance is a higher priority,
transportation agencies can adjust the corresponding thresholds, such as increasing the CT index
threshold from 70 t80.

Table4-4. Summary of Normalized Performance indices f@ Plots
30_CNormalized Values 30_ONormalized Values 45 HRNormalized Values
CML RD CTindex 6 00 CML| RD CTindex 6 0 CML RD CTindex & 0O
Nonreheatsl | 1.27 0.66  0.68 1.59 | 0.87 058 0.36 1.11 | 042 1.72  0.10 1.77
Nonreheat® | 1.24 0.48 0.75 1.53| 096 0.75 0.46 1.30 | 0.35 1.30  0.10 1.35
Nonreheat3 | 1.35 0.52  0.66 1.59 | 099 074 0.46 1.32 | 037 1.41  0.09 1.46
Nonreheatst | 1.26 0.42  0.65 148 | 1.19 096 0.33 156 | 0.50 1.54  0.12 1.63
Reheatd 1.15 0.66 1.28 1.84 | 1.12 0.48 0.80 1.45| 051 083 0.14 0.99
Reheat® 1.27 050 1.22 1.83 | 1.10 058  1.52 1.96 | 0.48 081 0.14 0.95
Reheats 1.05 042 144 1.83 | 1.06 0.60 0.82 146 | 0.42 096  0.20 1.07
Reheatsg} 1.15 057 1.26 1.80 | 1.13 0.48 0.83 1.48 | 053 075 0.26 0.95
45 HR_RA Normalized Values 45 HR_L Normalized Values 60_HR_L RA Normalize
CML RD CTindex] 00 CML | RD CTindex 6 0O CML RD CT index
Nonreheatsl | 0.78 0.61  0.29 1.03| 0.77 065 0.32 1.06 | 0.74 053  0.43 1.00
Nonreheat® | 0.75 0.76  0.33 1.11| 092 059 0.54 1.21| 071 067 0.35 1.04
Nonreheat3 | 0.88 0.73  0.30 1.18 | 0.87 0.36  0.67 1.16 | 0.82 044 051 1.06
Nonreheatst | 059 057 022 | 0.85| 0.87 061 0.35 1.12 | 0.88 0.31  0.47 1.05
Reheatd 0.88 0.68 0.70 1.31| 0.75 052 0.70 1.15| 0.78 066  0.67 1.22
Reheat® 0.90 0.72 0.69 1.34| 0.88 053 0.82 1.31| 073 073 081 1.31
Reheats 071 062 026 | 0.98| 084 050 0095 1.37 | 091 055  0.80 133

Samples
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Reheatst [ 080 054 038 [ 104] 088 069 060 |1.27] 082 066 055 | 1.18 |

ML = mass loss; RD = rutting dept@ T = cracking tolerance&Plr = revised composite performance ind€xs
control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder; A,
B, C, and D = Sample ID.
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Figure4-9. 3-D Plots: (a) Norreheated Specimens; (b) Reheated SpecinNfRs: nonrreheats;
R = reheatsC = control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling
agent; L = softer virgin bindethe red unit cubendicates the welbalanced area fdhe three
normalized primary performance indices.

4.7. Summary of Findings and Future Work

This researcltassessethe impact of production and associated variability aocontrol
mixture and five BMD surface mixtures with conventional and high RAP contents. These mixtures
were produced durindesign and collected at the plant during production and paving of the APT
facility. This evaluation focused on durabilitgracking resistanceand rutting resistancas
primary facets of the BMD conceph Virginia. Thesespecimendncluded laboratorymixed
laboratorycompacted specimens (dessgrplantmixed laboratorscompacted specimens at the
plant (nonrreheats), and plamhixed laboratorycompacted specimens that underwent a reheating
process (reheatshtatistical analysesvere used to evaluate vations in performancenetrics
betweenspecimens fabricated using different procedamed anong various samples produced
using mixtures collected from various lofBhe mainoutcomesand key recommendations are
summarized as follows:

1- Precision in plant control over the mixture's gradation was observed, resulting in minor
differences between various samples. The averaged standard deviations of sieve sizes
across alsample were remarkably low, suggesting that gradation variability may not
substantially influence the results of performance tests.

2- The control mixture met therescribedgroduction toleranaefor volumetric
requirementsDeviationswere mostly evident in the VTM and VFA variance of BMD
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optimized mixtureswhich could be the key factors resulting from productiod
specimen fabrication affecting CML.

Compared with massontrolledvolumetricpills used forthe Cantabro test, compacting
IDT-CT and APA specimens ®fTM of 7+0.5% exhibited less significant difference
between designs and produced specimens and among the different samples during
production

The observations from both durability and cracking resistance assessments for the
evaluated mixtures yielded similar outcomes. The produced HRAP BMD mixtures
complied with the prescribed VDOT BMD special provisions. Instances failing to meet
the correspornidg specifications were exclusively identified within the 30% RAP
mixtures, with the control mixture exhibiting the most pronounced deviation. This
highlighted the ability of a higher OBC to concurrently enhance the durability and
cracking performance ofixtures. It also emphasized the necessity and effectiveness of
employingsoft binder and RAwith the BMD conceptor HRAP mixtures.

The aging effect introduced during the reheating process may compromise the durability
and cracking resistance of the mixtures.

Different specimenshowed moreonsistenAPA RD results compared with Cantabro
test and IDTCT. Furthermoretheimpact of the reheating process on rutting
performance varied when a RA or softer binder were used in the mixtures

Theuse of 3D plots provided a more intuitive method for evaluating the balanced status
among multiple performance indiceSproduced mixturedt demonstrated thatrmost

all produced HRAP mixtures demonstrate a vallanced statugdditionally, A CPIr

was introduced to assess the composite performance of the produced rdixtabdity,
cracking, and ruttingCPkcoul d be used as part of agenci
BMD mixtures to determine a pay factor for possible bonuses or pen@hisspproach

is particularly pertinent for BMD mixture production, moving beyond the exclusive focus

on volumetric properties that predominates current practices.

As the primary laboratory testing component of the Virginia APT project, this study will

establish a foundation for future work aimed at bridging the gap between laboratory testing and
APT field performance measurement. The analyses presented in this ipgphkght the
advantages and disadvantages of using specimens fabricated with and without the reheating of
loose mixture samples. The effectiveness of using reheated ancthemtied samples with
different thresholds will be evaluated by comparing APTdfiperformance with laboratory
metrics.
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CHAPTER 5-  Machine Learning-Based Prediction and Optimization of
Balanced Mixture Design Performance Indice3

5.1. Abstract

The BMD concept is an emerging methodology faatlitatesthe design of engineered
asphalt mixtures. This approach is particularly beneficial for mixtures containing conventional and
high reclaimed asphalt pavement contents, for which the traditional volumetric design methods
may fail to effectively address the performance characteristics. Howedig, to production
variability, theseengineered mixturesan still fail to meet the required thresholdsiditionally,
identifying the cause of this imbalance is challengiig maximize the benefits of BMD
implementabn, this study introduces machine learning (MLglgorithms including linear
regression (LR), random forest (RF), extreme gradient boosting (XGB), and support vector
regression (SVRAs strategic tosto predictmixtureBMD performance indice$48 specimens
fabricated for quality acceptance as part of the 2020 Virginia Accelerated Pavement Testing
Programis used for the modeling and analydisirability, cracking, and rutting susceptibility of
thespecimensvere evaluated using the Cantatest indirect tensile cracking test (IDTT), and
Asphalt Pavement Analyzer (APA) rut test, respectivilgy outcomes inclugt (a) ML models
including RF, XGB, and SVRjemonstrated superior performance compared to()R-eature
importance analysis from ML models identifiédminantactors for each BMD test. Additionally,
the reheating process was highlightég A pseudo irsitu deployment wasimulatel to optimize
BMD implementation. The dimensionality reduction analysisiniform manifold approximation
and pojection’2 highlighted the practical challenges associated with concurrently improving
multiple performance metrics. Ultimately, the pivotal role of ML in advancing both the design and
production phases was emphasized.

Keywords: machindearning, random forest, XGBoost, SVR, BMRAP, production variability

5 This paperwith Bilin Tong as thdirst author,has been submitted for publicatiatthe TransportationResearch
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Ph.D., P.E Qing Guo, Ph.DStacey D. DiefenderfePh.D., P.E.Gerardo W. FlintschPh.D., P.E.Contribution:
Conceptualization: Lead; Methodology: Lead; Resourcead Data Processing and Analysis: Ledthdelling:
Lead;Visualization: Lead; Writing original draft: Lead; Writing review & editing:Lead.
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5.2. Introduction

In the everevolving landscape of asphalt mixture design, the industry faces significant
challenges driven by the necessity for hggrformance pavementhe increasing demand for
sustainable practices, and the escalating costs of raw maf&uwdddipouret al., 202 Current
applications of the Superpave methodology have predominantly focused on volumetric properties
of asphalt mixtures theU.S. However, the dynamic nature of contemporary asphalt materials,
characterized by the widespraask ofthe extensive application of R&ndadditives, necessitates
a shift towards a design philosophy that emphasizestkmng performance.

The BMD methodology has emerged as a pivotal innovation in this context. As delineated
by the National Asphalt Pavement Association (NAPA) and the American Association of State
Highway andTransportation Officials (AASHTQ) BMD i s ¢ h ar Asphaltemixi z e d
design using performance tests on appropriately conditioned specimens that address multiple
modes of distress taking into consideration, mix aging, traffic, climate, and location within the
pavement structurfNCAT & NAPA 2023;AASHTO 20200 The BMD methdology introduces
performance testing criteria as a replacement for certain traditional aspettsas volumetric
propertiesfocusing on evaluating thesistancef mixtures to commodistresses, such astting
and cracking.To gain acceptance, BMD mixtures are required to meet defined performance
benchmarksluring the desigmphase with the possibility of additional performance tests during
the production phasé&dditionally, the integration ofBMD methodology with the use of RAs
and/or softer binderpresents a strategapproactto design and production ehgineeredHRAP
mixtures, providing an innovative and practical response to the demands of contemporary
pavement constructiofTong et al., 2024West et al., 2013 In line with this advancement, a
growing number of state highway agencies are actively investigatingv@hementingthe BMD
framework for the design and approval of asphalt mixt(Wé=st et al., 2018; Yin and West, 2021,
Mogawer et al., 2023

Implementing the BMD framework typically involves two primary steps. fits¢ step
initiates with a design phase, wherdiffierent state agencies may select varied foundational BMD
tests and corresponding thresholds based on their specific requirementstdfme in Virginia,
three fast, simple, and practig@rformancendicative testsvere adopted for BMD SMd.hese
tests include the Cantabro test, capped at a maxi@Mimof 7.5%, to assess durability; the IDT
CT at intermediate temperatures, wghminimum CTindex of 70, for crackingperformance
assessment with shadrm aged conditionsind the APA rut test, with a maximum rut de(RID)
limit of 8 mm, for ruttingresistance evaluatioB¢wers et al., 20221abbouchest al., 202). The
second step aims to verify that the desigrejgroduced during production by ensuring that the
performance anticipated from the laboratdgsigned mixtures is realized in the field through a
QA program If performance criteria are not mégine or more indicegexceed predetermined
thresholdy, the mixture is deemed unbalanced, thus diminishing the full potential benefits of BMD
implementatior(Lynn et al., 2023.

86



Variations in asphalt mixture properties from the original design may arise during
production andconstruction phases, because of the inherent variability in environmental
conditions, plant operations, and natural mate(lajan et al., 202). Additionally, the designed
JMF is subjected to verification and potengntmodifications to account for actual production
andon-sitecircumstancesrrespective of mixture desigBrownet al., 2009. This process poses
significant challenges when applying the BMD methodolagyich deviates frontonventional
volumetric property specificatignthereby intraucing potential difficultiesfor contractors.
Furthermore, replicating the scale of mixture production that occurs in a plant setting, following
laboratory design protocols, can be an intricate ende®rowf et al., 2009. It is importantto
note that dferences in asphalt mixture properties from the original desfigm triggempremature
manifestations of pavement distress or can potentiedlylt inoutright structural failureLfynn et
al., 2024 Mohammadet al., 201%. To identify and assess theusoes, causes, and degrees of
variability in gradation, volumetric, and mechanical properties, NCHRP Projet8 @Report
818) examined laboratonyixed, laboratorscompacted specimens; plamixed, laboratory
compacted specimens used in volumetric acoe testingand plartmixed, fieldcompacted
specimens employed during density acceptance testing and forensic evaluatioplaufein
pavement. The aim of these assessments was to identify the sources of variability and to evaluate
the precision and biasssociated with the volumetric and mechanical properties of -dgaded
asphalt mixturesMohammackt al., 201%. Alternatively, the quality assessment can be done using
reheated planmixed, laboratorscompacted specimefieheatedpecimeny apractice observed
in theVDOT independent assurance prac{ibeefenderferet al., 2023

In 2020, VTRC, VDOT, and Virginia Tedinitiated collaborative researcimvolving the
design, placement, and laboratory and accelerated field testing of a control mixture and five BMD
mixtures at the Virginia APT facility, owned by VDOT asiluatedat the VTTI. Thisinitiative
aimed, in part, tapply VDOT BMD special provisions to productiaimder highly controlled
condition offering an opportunity to scrutinize the implications of these specificatiodifferent
facets, includinglesign, production, quality control and assurance practices, and construction of
HRAP SMs (Tong et al., 20283

In the current landscape, characterized by the exponential growth of data and the
continuous advancement of iterative algorithms, the reemergence of machine learning (ML)
approachegpresents a promising avenue for enhancing the efficiencgnalyzing data and
identifying key factors.In the Virginia 2020 APT program, extensive fundamental performance
tests on BMDBsamples in the field productiovere carried out, alongside analyses oftbsociated
variability (Tong et al., 202 Specimens fabricatefr quality acceptance as parttbg Virginia
APT programwere used for the ML modelirand analysien this study

5.3. Objective and Scope

The primary objective of this researalas to develop ML models capable of predicting
BMD performance indices based on mixture constituent and volumetric properties collected during
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both the design and field production phases at the project level. Four machine learning
algorithms® linear regression (LR), random forest (RF), extreme gradient boosting (XGB), and
support vector regression (SVB)wereemployed to predict the performance of BMD mixtures.
The performance of these different ML modelscompared and analyzetihe secondary goal

of this studywasto use these developed ML models to assess the influence of constituent
properties on the performance of BMD mixtures and to ifletite dominant factors in BMD
specimen preparation. Thigas particularly challenging for traditional approaches due to the
complex interactions of multiple constituent properties on the performance indices of asphalt
mixtures.Finally, this study proposithe incorporation of ML into the design phase of BMD. To
further demonstrate the application of ML models in BMD implementation, a simulated BMD
deployment was strategically designed. Through simultaneous optimization across three primary
BMD tests, optinized or ML-enhanced candidates were selected.

5.4. Background and Literature Review
5.4.1. Production Variability

The variability ofdifferent performance tests has been reported in many stGailedipour
et al.(2021) evaluated the performance of reheatpéelcimensas part othe2013Federal Highway
Admi ni str at i Acoeermted(L&adivgA-acdity (ALF) studyrhis study étermined
coefficient of variance (COV) of six performance tests including:Cantabro mass loss test, the
0 factortest, the overlay test, the-IT test, the IO-CT test, and the cyclic fatigue teShe
FI parameter from-FIT presented the highest average COV (up to 34%) among all tests, while
CT index @&hievedCOV of 40% in Lane 7Buttlar et al.(Buttlaret al., 2020 conducted cracking
tests, including the DisBhaped Compact Tension Test (DCT,IT test, and the IDEACT test,
as part of the development of a local BMD method. Their findings indicated that while the average
COV for DCT in field section ealuations was 19.5%, theFIT test showed a significantly higher
average COV of 52.2%n preparation for the full implementation of the BMD methodology, the
VDOT initiated a roundobin study to assess testing repeatability across various laboratories.
Forty-one laboratories, including those from the agemaontractors, and independent testing
facilities, participated in the initiative. Two distinct mix designs were utilized, with 46 sets of test
specimens distributed for each design. Phase 1 ofutlg &icused on evaluating IDEACT test
results from different labs, while Phase 2 commenced in Zbibboucheet al., 2022
Additionally, currently accepted production tolerance of volumetric properties and gradation in
Virginia can be found inDOT, 202Q. CurrentVDOT specified COV value of 18.3%r the CT
index for 5 replicates

Concerns about unbalanced performance in the resultant mixture, due to high variability in
performance tests as reportagrevious studieshave led researchers to dedicate efforts towards
establishing tolerance limits for constituent properties during loose mixture sampling and
specimen fabrication. However, recent research has found that a BMD mixture can still become
unbalanced during pduaction, even within specified tolerance limits the early stages of the
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BMD concept, Austerman et gR018 modified asphalt binder content, gradation passing the
No0.200 sieve, and asphalt binder source in mixturepoesenproduction variations. The study
revealed that mixture performances, such as moisture susceptibility, may become unbalanced
during production. They further noted that specific production factors can impact volumetric
properties and the performance of mixtures developed using the BMDptoSobsequently,
Mogawer et al. 2023 indicatedthat some mixture produced at théeower limit of the OBC
production tolerance, with or without alterations in aggregate gradation production tolerances,
exhibited heightened susceptibility to fatigue crackigrthermoreit concluded that the binder
source that can change during production resultsmbalancedBMD mixtures. Finally,it was
recommended that a mixture's resistance to rutting be assessed at the upper production tolerance
limit for OBC and for cracking at the following conditior$) the lower production tolerance limit

for OBC;(2) the lower production tolerance limit for OBC in conjunction with the upper aggregate
gradation production tolerance limits; a8) the lower production tolerance limit for OBC
combined with the lower aggregate gradation production tolerance IReitently Bowers et al.

(2023 conducted an evaluation of fourteen accepted mixture designs, adjusting their coarse and
fine gradation along with binder contentgpecified tolerance limits. This study founmxtures
exhibitedexcellent ruttingperformancebut displayed susceptibility taurability and cracking

issues as the gradation and binder content chétnfgether underscorethe potential for initially
balanced mixtures to become unbalanced due to production varidhilggdition to replicating
production variability in the laboratory, Tong et §20240 showcased field production variability

for one Superpave control mixture and five BMD mixtures, designed using BMD Approach D
(performance only), incorporating both conventional and high RAP content. Their investigation
unveiled the possibility of encoumiieg unbalanced BMD mixtures. It is important to note that in
BMD Approach D, tolerance limits for volumetric properties are exempted except for binder
content.

As a result, whether using BMD approaches with specified production tolerance or relying
solelyon performancéased BMD approach, concerns persist regarding the potential occurrence
of unbalanced produced mixtgreResearchers may continue to propose refinements of BMD
specificationsspecifically,to determine an acceptable tolerance level (deviation from design) for
gradation, asphalt contefAC), and volumetric properties, within which test values are still
deemed to constitute a qualified or balano@gture (Lynn et al., 2023 However, simulating
production variability in the laboratory and evaluating modified mixtures is a highly complex
process, imposing significant costs in terms of manpower and mat@dalisionally, €forts are
also underway to model how component materials or mixproggertiesnfluencecorresponding
mixture performance, as emphasized in several Viéports(Diefenderferet al., 2023Bowers
et al., 2023 Yet, inapractical project, identifying theritical factors is hidply intricate, as simple
linear relationships may not adequately interpret the specific causes of production variability. This
complexity arises due to the multitude of variables involved in production, underscoring the
importance of employing nonlineargr@ssion analyses.
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5.4.2. Machine L earning Approaches

SomecommonML approachesiave beerused in related prior studigRahmanet al.,
202]). RF is a robust ensemble method that constructs multiple decision trees during the training
phase. Each tree is developed using a randomly chosen subset of training data and features,
enhancing model stability by mitigating overfitting and elevating ptexh accuracy. Notably,
RF effectively processes both categorical and continuous data and offers valuable insights into
feature importance, aiding in the identificatioh critical predictors(Breiman, 200J). XGB,
another tredased model, refines gradient boosting techniques by incorporating features such as
built-in regularization and dynamic stopping criteria to counteract overfi@hgnandGuestrin
2016. SVR, an extension of support vector machif\égpnik et al., 1999, is designed to predict
values within a specified deviation for all training data, with a focus on minimizing the upper
bound of generalization errors, theremhancing model robustness. SVR utilizes kernel functions
to map input vectors into a highdimensional space, facilitating linear regression analysis and
ensuring robust generalization performance across diverse dataseika ét al., 2004 The
emergence of ML applications across a broad spectrum of industries exemplifies -tavgithg)
utility. For example, in the context of asphalt congr2ezadaet al. Zeiadaet al., 202pemployed
an artificial neural network (ANN) in conjunction with a forwasgquential feature selection
algorithmto identify the most influential desigfactors prevailing inwarm climate regions using
datasourcel from theLong-Term Pavement Performan(el PP)databaseThe efficacy of these
applications can be attributed to the integration of feature importam@@naomponent of various
ML techniquesAdditionally, ML plays an increasingly vital role in predicting numeressential
parametersn asphalt concrete or asphalt pavement such as dynamic mobBalesfvaiand
Behnood 2023, air void avrtaniket al., 2019, rutting performancelL{u et al., 2022, fatigue
performance Ahmedet al., 2017, international roughness index (IRBHou et al., 202}, and
CT-index (Nguyenet al., 2023 Rahman et al2021) explored the use of Mith large, diverse
datasets to predict asphalt concrete metgsash as IDT strength and HWTtest rut depth
marking a pivotal discussion on ML's integration into performance framewirkyg noted biases
from trial batch samples and a significant data reduction due to missing values, decreasing datasets
from 17,920 to 2,408 for HWT and 2,189 for IDT. Moreover, training ML models emphasized
data quality over quantity, acknowledging thatadedriability often affects prediction agacy,
challenging the robustness and generalizability of models for BMD mixtliresughout the
specimen preparation process, considerable variability can emerge from variations in technician
handling, experimental conditions, and testing apparatus. This variability proves challenging to
accurately incorporate as a quantifiable Jagain the training of ML models. Therefore,
conducting performance testing and data collection under rigorously controlled conditions may
significantly mitigate the adverséfects on data quality resulting from disparate sourCese a
reliable ML model is developed, it can bridge the gap between the initial mix design and actual
field performance by predicting the effects of mixture components and production variables on
final product. Leveraginglatafabricatedfrom a highly controlled experiment schedule, ML
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algorithms can offer valuable insights into potential performance outcomes before field
implementation, allowing for proactive adjustmeraisd maximizing the benefits of BMD
implementation.

5.5. Methodology
5.5.1. Experiments

A total of one control and five BMD 9.5mm dergeded SMs were designed, produced,
and sampled for evaluation in tA820 Virginia APTprogram The mixturesncorporated various
combinations ofhreeRAP contentstwo binder PG, one RA, and one WMA additiv&he RAP
content in the mixtures was determined based on the total weight of the resulting mixfid@% A
recycled binder availabilityvas assumedand the design asphalt contents accounted for the
contribution of asphalt binder from RAP materidlfe six mixtures are definedh Table3-1 of
Chapter 3.

5.5.2. BMD Testing

ThreeBMD tests adopted in Virginieshown inFigure5-1) are:Cantabro tesitDT-CT,
and APA test, which assess durability, cracking, and rutting, respectively. The CML was
determined in accordance with AASHTO T 4&ASHTO 2017 on threedesignspecimenshat
were used to determine volumetric properties. The 4OT was conducted at a temperature of
25°C in accordance with ASTM D822® (ASTM 2019 on five replicate test specimens
compactedht 7#0.5% air vois. The APA test was performed in accordance with AASHTO T 340
(AASHTO 2017 at a temperature of 64°C; four replicate test specimens were tested in an APA
Junior machineThe APA specimens wereompactedat 7#0.5% air void. VDOT BMD test
thresholds were indicated thel ntroduction section

Figure5-1. VDOT BMD Tests: (a) Cantabro Mass Loss Test; (b)4OT; and (c) APA Rut
Test. VDOT = Virginia Department of Transportation; BMD = balanced mix deHiRCT =
indirect tensile cracking tesAPA = asphalt pavement analyzer.
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5.5.3. Production Sampling and SpecimenFabrication

A total 0f648 specimens fabricatéal quality acceptance as partbé 2020 VirginiaAPT
experimentwere used in this studyn addition to testing performance during the design process,
a comprehensive laboratory assessment focusing on durability, cracking resistance, and rutting
performance was conducted on mixtures collected during production. The test specimens included
laboratorymixed laboratorycompacted specimer{gesign) plantmixed laboratorycompacted
specimens (noreheats), and plamhixed laboratorycompacted specimens fabricated after a
reheating process (reheatd)esigns were laboratogroduced and laboratoigompacted,
fabricated for mixture design purposes, while the produced mixtures were sampled to monitor their
quality and associated production variability. Sampling of the loose mixture was conducted four
times daily during production. The production sampling plan for each mixture is delineated in
Figure5-2. Samples were sequentially labeled frofd 4" (A through D)for each mixtureThe
loose mixture samples collected during production for BMD testing underwent one of two
procedures: they were either transported to the producer's laboratory and promptly compacted into
test specimerds these were referred to as plant specimens-(abaats) or they were placed in
boxes, transported to VTRC, and stored in a clircatgrolledarea for the fabrication of reheated
specimens at a later time (rehegi¥)nget al., 2024h

a Design

Experiment — BMD Tests Modeling and Analysis
. Sampling ~ .
‘ Elangiroduction (4 Samples) H Cantabro Test Training
m (3 Speci for 1 Sample) ML Algorithms:
‘ LR, RF, XGB, SVR
IDT — CT

(5 Specimens for 1 Sample) l

APA Test

_ (4 Specimens for 1 Sample)

Importance analysis

Production sampling &
Specimens preparation

Figure5-2. Experimental and Machine Learning (ML) Training Workflawiseft block:

production sampling and specimen preparation. Middle block: balanced mix design (BMD) tests.
Right block: ML models used in predicting three primary BMD tests-0@T= indirect tensile
cracking test; APA = asphalt pavement analyzer; G reg@gge gradation sieve analysis; V =
volumetric properties analysis.

5.5.4. Modeling Approach

In this study, several ML algorithms were used to predict outcomes of three BMD tests in
terms of CML, CT index, and APA rut depth. The employed models included LR (the simplest
ML model), RF, XGB, and SVR. Figure 5-2 illustrates the experimental and ML training
workflows. The left block displays the experimental procedures (detailed iBxiperiments
section), the middle block represents the three BMD tests (detailed BMBbeaesting section),
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and the right block shows the ML algorithms used to predict those properties in BMIOOD ests.
targets of ML prediction were the current VDOT adopB¥MD mixture performance indices,
which include CML, CT index, and APA rut depth.developing the ML mods| the dataset was
randomly divided into training and testing sets in an 80:20 ratio. Feature normalization was applied
to the training set, with the same scaling coefficients subsequently used testihg set.
Hyperparameter optimization for each ML model was conducted via exhaustiveegrith
method. For the RF model, hyperparameter variations included the number of trees (100 to 2000),
tree depth (10 to 30), and minimum samples per leaf notte4)l. The XGB model parameters
ranged from the number of trees (100 to 2000), learning rate (0.0001 to 0.1), tree depth (3 to 9),
and subsample ratios of training instances and columns (0.7, 0.8, or 1). The SVR model's
hyperparameters were the regulaimaparameter (0.001 to 100), epsilon (0.001 to 1), and kernel
type (polynomial, radial basis, or sigmoid). The settings in an ML model that produced the highest
mean R2 values from the test set were selected as the optimal hyperparameters. FleaScikit
library was utilized for constructing the ML moddisnally, to assess the influence of constituent
properties on the performance of BMD mixtures and to identify the dominant factors in BMD
specimen preparatippermutation importance, a moejnostionethod(Breiman 2001, Kim et

al., 202}, was utilized to interpret feature importance across all used ML models. This approach
evaluates a feature's contribution to a mode
changes when the feature's values are randomly shuffled, disrupting thatiorilth the target
variable. The comparative analysis of model performance, with and without the shuffled feature,
guantifies each feature's impact.

The authors recognize that the data collected in this study was limited, but this method
provided a highly controlled analysis environment and systematic data collection, reducing many
avoidable issues such as data recording errors from different corgractoultiple laboratories.
Predictions in a small dataset also demonstrate the effectiveness of ML andesatmgtefor
projectlevel analysis. Additionally, the approach and findings from this study can be adapted to
accommodate other indices for mixt performance as different transportation agencies
implement various BMD performance tests

5.5.5. Training Features,Data Processing, andevaluation Metrics

The input data collected foboth designed and plant producgaecimens contained 26
attributor/features, including categorical variables, volumetric properties, gradation parameters,
and mechanical propgrt Categorical variables include design methods (encoded as 0 for
conventional Superpave and 1 for BMD) and specimen types (encoded as O for design, -1 for non
reheats, and 2 for reheats). Volumetric properties consist of asphalt binder content, theoretical
maximum and bulk specific gravities 4 and Gnp), VTM, voids in mineral aggregate (VMA),
voids filled with aphalt (VFA), bulk and effective aggregate specific gravitiés &ndGsg), fine
aggregate to asphalt ratio (FA), percent binder absorbe)l éffective binder content ¢§,
effective asphalt film thickness¢), and RAP content100% blending ratio is assumed
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Gradation parameters are documented as the percentage passing through various sieve sizes:
12.5mm, 9.5mm, 4.75mm, 2.36mm, 1.18mm, 600um, 300um, 150um, 7Bperdynamic shear
modulus (G*) at 64°C (high performance grade temperature), obtained from binder extracted and
recovered from loose mixtures of field productsamplingwasused as anechanical propeytin
this study. Tlese features incorporated in the modelingdesignand norreheated specimens
were recorded by VTRC, while those for A@iheatedpecimens were documented by the VDOT
district office. To address the challenges posed by limited data and remedy overfitting, Pearson
correlation coefficients were calculated between each pair of features to determine the selection of
eventual training features in ML models. This process, coupled vittli Srossvalidation during
training, ensures robust model performance, with further details providedResgtssection.

The datasets for each performance test comprised a diffeneser of specimens: 162 for
CML, 270 for IDT-CT, and 216 for APA RD test3he APA tests were performed following
AASHTO T-340 standard but only the average RD from two specimens on both left and right were
reported, reducing the APA RD dataset to 108. Regarding missing data, #H&TIBEst had 3
missing entries, which were removed, while the APA test had two, which we dging the
median value of the corresponding RD. This approach tallimgnmissing was empirically
determined, considering the varying sizes of the daf@abte5-1 summarizes the details of each
dataset.

Table5-1. DataSetsSpecimendJsed in ML for ThredBalancedViix DesignTests

Data sets CML IDT-CT APA RD test
Data sets/Specimens fabricated 162/162 270/270 108/216
Missing data sets 0 3 2
Prereserved data fggseudo irsite 10 10 10
deployment

Data sets imn ML model 152 257 98

CML = Cantabro mass loss; IBTT = indirect tensile cracking test; APA = asphalt pavement analyzer; RD = rut

depth.

To evaluate model performand®/o metricdz the coefficient of determinatiofiR2)
(Equation5-1) andthe accuracy in terms of mean absolute peresnt (MAPE) Equation5-2)

Accuracy=1- MAPE p

15 wereused,

-B

P °

Equation5-1

Equation5-2

wherew is thetargetvalues, w is the average of target valuesjs the predicted valye

and N is the numbeaf data sets
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5.5.6. Simulating the BMD Deployment

Given the limited availability of materials for sampling during production and cost
considerations, a pseudositu deployment methad designed in this study to mimic reabrld
deployment scenarios for these ML moddtsr each dataset, 10 random specimens meeting
specific criteria (CML < 7.5%, CT index > 70, APA < 8 mm) areq@served and excluded from
model development. Designing specimanthe laboratoryhat simultaneously satisfy these three
primary criteria poses significant experimental cbaties.This is because feature selection is
highly empirical, and therefore the layered selection process based on various performance tests
of interest often results in extensive repetitive wdilere, he aim of the ML pseudo imsitu
deployments to generate samples exhibiting all thoaéanced performances directhL models
are trained with the remaining data (referTtable 5-1) to predict each of these properties
accurately (one ML model for orperformanceprediction). Once trained, samples are randomly
generated based on timean and standard deviationcofrent dataset's distribution to ensure they
can be created 4{situ, and theiBMD performance arepredicted by the corresponding ML
models. Each modelsbnfidencas assessed using the corresponding 1dg¢served specimens.
For instance, if an ML model predicts that 9 out of 10reserved CML samples have values less
than 7.5%, theonfidencdevel of this model is determined to be 90%. By establishing different
thresholds for each predictpdrformancemetric it is possible to selectively identify samples that
meet desired properties and confidence levels. Note thabtifelencelevels from the 10 pre
reserved specimens measure model precision against seojberty thresholds, differing from
the test set accuracy in training an ML model, which assesses overall predictive effectiveness
across diverse data.

5.6. Resultsand Discussion
5.6.1 Feature Selection

Pearson correlation coefficienty (ranging from-1 to 1 to indicate perfect negative and
positive correlations respectively) were used for feature selection in this work. To mitigate
multicollinearity, only features with an absolutealue less than 0.8 were chosen, resulting in 10
selected featuresThese include 2 categorical variables: "Design" and "Tygetonstituent
volumetric properties: AC, VTMGse and the RAP conter gradation parameters: sieve sizes of
75 um 600um and 2.36nm, and1 mechanical propertylog |G*| The log |G*| wasneasured at
64°C and 10 radians per second (ratiisaccount for binder viscosity suggested by Kim et al.
(2021 andNCHRP Report 871The phase angle was excluded from the analysis for two key
reasonsFirst, he phase anglda exhi bits a stronger l' i near rel
introduce collinearity in the feature selection prodessviL models. Secondhe objective was
to select a single predictive par ameéhereforg, r at h
the feature selectionles applied in this work present a blend of both machine learning principles
and domain knowledgé&igure5-3, taking CTindexas an instancg@resents a correlation matrix
for these features, with the lower triangle displaying linear regression plots and the upper triangle
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showingr values between features. The diagonal plots represent the distribution of each feature or
the target property (the top left). Notably, a relatively high positive correlation (0.66) between the
CT index and AC, and a negative correlatied.{3) between # CT index and log|G*| were
observed. These findings align with expectatibiascracking resistance increases with higher AC
content, while increased binder stiffness due to aging negatively impacts cracking resistance
(Fisheret al., 2018 While both AC and log|G*| show relatively higher correlations withrZEx
compared to other features, it is evident that they do not sufficiently capture the full complexity of
CT index predictions. This highlights the necessity of employing machine learning algorithms to
uncover the nonlinear interactions among the mixturggut@s and to enhance prediction
accuracy.
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Figure5-3. Correlation Matrix Derived from Pearson Correlation Coefficients (r) for Selected
Features Associated with the IBOT Index. The lower triangle displays linear regression plots,
while the upper triangle shows r values between features. The diagondlysttste the
distribution of each feature or the target property (top left).

5.6.2 Prediction Performance of ML Models

Figure 5-4, Figure 5-5, and Figure 5-6 display the predictive performance of the ML
models for the CML, CT index, and APA RD parameters, respectively. After optimization of
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hyperparameters, the REquation5-1) and accuracyHquation5-2) values are presented for each
model. SpecificallyFigure5-4 illustrates the performance for CML predictions withvalues of

0.86 (LR), 0.92 (RF), 0.94 (XGB), and 0.91 (SVR) and accuracy values of 0.88, 0.92, 0.92, and
0.90, respectivelyFigure5-5 details the CT index predictions wittf Ralues of 0.63 (LR), 0.88

(RF), 0.92 (XGB), and 0.88 (SVR) and accuracy values of 0.47, 0.83, 0.81, and 0.77, respectively.
Figure5-6 shows the APA RD predictions with?Ralues 0f-0.03 (LR), 0.42 (RF), 0.56 (XGB),

and 0.53 (SVR) and accuracy values of 0.69, 0.76, 0.79, and 0.77, respectively. The LR model
consistently underperforms compared to the other ML models, which demonstrate stronger
predictive abilities. Modelske XGB consistently delivered outstanding &d accuracy values

for the CML and IDTFCT index, demonstrating their precision in predicting these BMD
performancesFor the APA RD predictions, the low2Rralues indicate that the models do not
closely follow the trends in the limited dataset (98 data points). However, the relatively high
accuracy scores suggest that the models effectively categorize most outcomes correctly.

Given the limited data available for each test, the division of data into training and testing
sets can significantly affect the performance of the ML models. To evaluate the consistency of
these models, a robustness check was conducted by randomly gaimplifataset using different
seeds and training the models with the same optimized hyperparameters previously identified (i.e.,
from Figure 5-4, Figure 5-5, and Figure 5-6). This procedure was repeated 30 times to assess
performance variabilityrigure5-7 illustrates theML modelcapability (R2 and accuracy) fBMD
performancemetricsprediction, andrable5-2 summarizes the mean and standard devidtion
eachBMD performance metric. The LR model consistently underperforms relative to the other
models, independently from data sampling. For CML and-@T predictions, the models
demonstrate stable prediction capability, as evidenced by the small standard devigédless
than 0.2) and accuracy (less than 0.08). However, the APA RD predictions show significant
fluctuations in R2 values due to the limited dataset, though the accuracy fluctuation remains
minimal, indicating that the models can reasonably categybroader outcomes of the APA RD
test.
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Table5-2. Mean and standard deviation'th and accuracy from three BMD testsHigure5-7.

Model Mean'Y = Std. Mean accuracy Std.

CML IDT APA CML IDT APA
LR 0.79° 0.06 0.56+0.20 0.35+0.52 0.85° 0.03 0.45+0.08 0.73+£0.05
RF 0.84° 0.11 0.91+0.04 | 0.51+0.58 0.88° 0.03 0.83+0.02 0.76+ 0.05
XGB 0.86° 0.06 0.92+0.03 0.54+0.53 0.88° 0.02 0.81+0.02 0.76+ 0.05
SVR 0.86° 0.08 0.84+0.06 0.57+0.52 0.89° 0.02 0.76+0.04 | 0.76+0.04

CML = Cantabro mass loss; IBTT = indirect tensile cracking test; APA = asphalt pavement analyzer; RD = rut

depth.
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5.6.3 Feature mportance Analysis

Understanding the key factors influencing BMD tests allows engineers not only to focus
on critical variables during the design phase but also to make proactive adjustments during the
production phasd-or this analysis, the models that demonstrated the highest accuracy across 30
instances of data samplingigure 5-7) were selected: XGB for CML (accuracy=0.93), RF for
IDT-CT index (accuracy = 0.87), and RF for APA RD (accuracy = 0.83).

As shown inFigure5-8, thefeature importancanalysis reveals distinct dominant factors
influencing each BMD performance. For CMEigure5-8a), the key features include Type, 75
pm sieve sizeAC and VTM. For IDFCT index Figure5-8b), the primary features afeC, Type,

75 um sieve sizd-or APA (Figure5-8c), the dominant features &€, log|G*| and VTM Notably,

the Type (type of specimens: design, sieheats, and reheats) emerges as a significant feature for
predicting both CML and IDICT index, suggesting the durability and cracking resistance may
significantly vary by specimen typand be impacted by reheating efte€his observation is
consistent with our previous studies emphasizing the impact of reheating on BMD performances
(Tonget al., 2024h Furthermore, models on both the HZIT index and APA identified AC as a
dominantfactor, similarlyhighlighted in the previous studibgaweret al., 2023 The finding
suggestghat stricter control of asphalt bindeontent may be used as a proactive adjustiieent
reduce performance variability in mixtuperformances during plant praction The log|G*|
parameter, highlighted inKim et al.,, 2023 for reflecting binder viscosiy including
contributions from virgin binder, RAP binder, and effects of agjimgs also recognized by the

ML models as a significant feature for the CT index and APA RD. This recognition further
confirms the model's explanatocapability. Although it has beefound that most gradation
parameters do not significantly affect the performance of produced mixtures due to strict gradation
controls at the planfTong et al., 2024, Austerman et al(2018 have suggested that greater
attention should be paid to the percentage passing through the 75 um sieve size during the
production phaseNotably, 75 um sieve size was identified as-negligible in CMLand CT

index predictions, whereas tH#00 pum and 2.36mm sieve size showed limited impagh the

model. These findings underscore the exceptional capabilihediL modek to identify critical

factors that align closely with prior observati@m studiesMoreover, the VTM feature displays
notable influeces on both CML and APA RD predictions. While the impact of VTM deviation

on CML tests has been reported(fong et al., 2024} its effect on APA RD testsiay require

more data for validation due to the unstable model prediction caused by limited APA data

Design methods (i.e., Superpave or BMD) and RAP contertaamenonlyemphasized.
However, feature importance analysis reveals that neither the design method nor RAP content
significantly impacts prediction performance. This is likely due to the use of BMD with a soft
binder, with or without a recycling agent, which effeety compensates for variations in RAP
content within the mixturéronget al., 2024aYin and West, 2021 Furthermore, the selection of
other constituent properties in this study may effectively captures the differences introduced by
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BMD and Superpave design methods, clarifying the potential performance variations between
HRAP mixtures and conventional RAP mixtures.
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Figure5-8. Feature importance from the permutation importance method for: (a) CML from
XGB, (b) IDT-CT index from RF, and (c) APA RD from RF model.

5.6.4 Pseudol n-situ Deployment

With the ML models demonstrating satisfactory predictive performance on BMD test
properties, pseudo-situ deployment was initiated to generate samples exhitbafancedhree
primary BMD performances (i.eCML < 7.5%, CT index > 70, APA < 8 mmFigure 5-9
illustrates the schematic of this deployment process. Initially, 1000 synthetic samples were
generated based on the mean and standard deviation of each feature from the original data pool,
consisting of 618 data points excluding the 30neserved for t&ting. These samples were first
subjected to filtet, using the XGB model for CML prediction, to retain samples with CML values
below 7.5%. Meanwhile, the CML values of 10 jpeserved data were predicted to assess the
confidence level of filtet. This gproach was similarly applied in filték and filter-11l for IDT -

CT and APA models, with thresholds set at DT > 70 and APA RD < 8 mm, respectively.
Samples passing all three filters were deemed balanced mixtures. In this evaluation, 812 samples
passedilter-1, of which 811 proceeded past fikBrand 771 passed filtdtl. The confidence level

for all filters reached 100%, indicating accurate predictions for aliggerved data.

It is commonly understood that simultaneously enhanamgtiple primary BMD
performancein mixture design is challenging. Howevenlike earlier versionscontemporary
asphalt materials are characterized by the widespreanf tieextensive application of RAdhd
additives.This evolution complicates their performance amaly challenge conventional wisdom
(Error! Reference source not foungl. The utilization of ML models holdgreatpotential to p
rovide anenhancedsolution for the three primary performance metricsthis casegfilter-IvV
applied stricter thresholds (CML < 5.8%, CT index > 200, and APA RD < 6 mm) to identify
samples with enhanced mixture performano@arrowing the field to 60 candidates from the 771
remaining after filtedlll. The stricter thresholdsare based on the relationship between-non
reheated and reheated specimens determined by previousBiadg( al., 2024h Additionally,
practical requirements for W content (7.0£0.5) in IDT and APA specimens led to the
implementation of filteiV. After all five filters, only 19 out of the initial 1000 samples met the
stringent criteria.This pseudo irsitu deployment demonstrates the effectiveness of using ML
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models to address the challenges of enhancing mixture properties, allowing for flexible adjustment
of criteria in each filter to efficiently tailor the mixture design for specific practical applications.

<
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19 candidate (6.5 < VTM < 7.5) CT index > 200,
samples APA <6 mm
filter-V filter-IV

Figure5-9. The schematic of pseudo-&itu deployment flowchart.

Experimentally designing a mixture that simultaneously enhances key prapestiels as
reducing CML and APA RD values while increasing the CT iddpresents significant
challenges due to the extensive feature space (10 features in this work). To undérstand
complexity,uniform manifold approximation and projectigdMAP) (Mclnneset al., 2018 was
employedto reduce the feature space into two dimensions for visualization and to compare the
distribution of qualified samples from filtd¥ (60 data pointsagainst the original datasets. For
eachperformancenetric, such as CML, data were divided into two groups: those with CML values
below 5.8 and those with higher values. This categorization was similarly applied to the CT and
APA datasets. Note that the samples from filtgrwhich have all threg@rimary performances
enhanced, were plotted alongside the original datasets, where each dataset represents only one
BMD performanceFigure 5-10 displays these distributions, with qualified samples marked by
purple stars and the original dat abkigue®la, qual i f
Figure 5-10b, and Figure 5-10c for CML, CT index, and APA RD test, respectively. The
visualization revealed that samples meeting all enhanced criteria rarely overlapped with the
distributions of the original datasets. This highlights the challenges engineers face in achieving all
desred enhancements experimentally, as the target distribution with all enlpart@dnancess
scarce within the broad feature space, making exhaustive searches in experiments typically
impractical.
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Figure5-10. Uniform Manifold Approximation and Projection (UMAP) reduces the feature
space to two dimensions for (a) CML, (b) CT index, and (c) APA RD datasets. The number of
neighbors used in UMAP is 10, and it is asserted that the choice of hyperparameters has a
nedigible impact on the conclusions drawn.

5.6.5. Discussion

This section summarizes thgotential applications of ML models within the BMD
framework during the design and production phasiesieby showcasingthe enhancements
brought by ML modelsFigure5-11illustrates the current BMD framework, using BMD approach
D as an example. A pivotal loop in the BMD design phase involves the selection of feature
combinationdased omequiredperformance tests. Each loop is not only subject to variability from
specimen fabrication, testing, and deyioet may also become cumbersome due to the need to
restart the selection process if the results of a performance test fail to meet the specified BMD
thresholds.With the assistance of developed ML models, this cumbersome design loop can
potentially be bypassed, significantly enhancing design efficiency. Additionally, concerns about
unbalanced cases resulting from mixture produactian be addressed through prcjesel ML
models, which identify dominant factors contributing to production variance. It is suggested that
more stringent control of the constituent properties could reduce performance variability in
produced mixturedzurthermore, if ML models can be trained with more data in a highly controlled
environment and further validation of models' predictions can be achieved, it is highly promising
that the QA program in BMD implementation will soon significantly reduce thanee on
sampling mixtures for BMD performance tests during production, opting instead to predict
performance based solely on component properties. Finally, this study establishes a framework for
the application of ML in BMD and verifies its feasibility thie project level. State DOT agencies
can reference the data collection methods presented in this study to build a comprehensive database,
facilitating the development of reliable ML models that incorporate a wider variety of material
sources, such as biadtypes, aggregate resources, and additives.
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5.7. Conclusion

This study leverageBIL algorithms to helpaddresssome of the challenges prevalent in
the existing BMD framework, therelgnhancingts implementatiorduring both the design and
production phased~our prominent ML algorithmavere employed to predict three primary
performance metrics of BMD mixturesamely,CML, CT index and APA RDHyperparameters
for each ML model were optimized using an exhaustive grid search method with sufficient
parameter spaces. Among the models, RF, XGB, and SVR exhibited superior performance
compared to LR, effectively capturitige complex interactions within the mixture properties. The
robustness of the ML models was evaluated and validated through 30 independent training/testing
dataset splits in a random manner. ML models reliably delivered accurate predictions across all
BMD tests, corroborated by the identification of significant influencing factors sutkpesof
specimens AC, log|G*|, 75 um sieve sizpassing percentagand VTM. The impact of the
reheating process anixturegdurability and cracking performance wasoaldentified, supported
by previous studie§ he study also recommended stricter control of identified features to minimize
performance variability in mixturegloweverthe models faced challenges in achieving stable R?
values in the APA RD test, likely due to limited data availability and the use of average values
from APA specimens.

To demonstrate the practical application of the developed ML models in BMD mixture
design, a pseudo-situ deploymentKigure5-9) was strategically implemented to filter and select
60 out of 1,000 synthetic samples with optimal BMD performances through simultaneous
optimization of threMD performance metricBy simply adjusting the filters in the pseude in
situ deployment, one can effortlessly finme the desired BMD performances. Dimensionality
reduction via the UMAP method visualized minimal overlap in the distributions of these 60
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candidates compared to the original datasets, underscoring the complexities of managing large
feature spaces and improving multiple BMD performances simultaneously in experimental
settings Current study establishes a framework for implementing ML irDB&pplications and
demonstrates its feasibility at the project level. Statd B@encies can utilize the data collection
methodologies outlined in this research to construct a comprehensive database. This database will
support the development of robust ML nets] incorporating a broader range of material sources
such as binder types, aggregate resources, and additives.
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CHAPTER 6 -  Rutting Performance Evaluation of BMD Surface
Mixtures with Conventional and High RAP Contents
Under Full-Scale Accelerated Testing

6.1. Abstract

Rutting is one othe majordistresses that adversely affects the performance and service
life of flexible pavement structures. Understanding the extent to which the rutting resistance of
pavement mixtures can be compromised and finding methods to optimize their performance
requireghorough investigatiorBMD constitutes a significant step forward in the pursuit of better
performing asphalt mixtures. This framework / approach provides an opportunity to properly
design and produce engineered asphalt mixtures. The primary objedtinemdper is to conduct
a comprehensive investigation of the permanent deformation (rutting) behavior of surface mixtures
with conventional and HRAP contents through -&dhle accelerated testing under incremental
loading conditions, while accountingrfthe environmental aging effect. Results showed that all
BMD HRAP mixtures exhibited higher rut depths compared to the control mixture, which can be
attributed to the inclusion of a high binder content aimed at enhancing cracking resistance. The
APA rut test and the stress sweep rutting tests were performed on asphalt mixtures sampled during
production. Correlation analysis revealed significant and strong positive correlations between APT
testing and the multilevel laboratory rutting performance testsdemesl in this study. Finally,
while acknowledging the limitations and all the assumptions considered in this study, the
correlation analysis recommended refining the BMD APA rut depth threshold by lowering the
current limit of 8 mm to 7 mm to ensure gguefforming mixtures from rutting point of view.

Keywords: high RAP, asphalt concrete, balanced mix design, rutting performance, aging,
accelerated pavement testing, heavy vehicle simulator, correlations, specifications, thresholds.

6 This paper has been published in taterials Citation: Tong, B., Habbouche, J., Flintsch, G. W., &

Diefenderfer, B. K. (2023). Rutting performance evaluation of BMD surface mixtures with conventional and high
RAP contents under fulicale accelerated testirgaterials, 16(24), 7611 Contribution:Conceptualization: Lead;
Methodology: Lead; Resources: Equafta Processing and Analysis: Le&isualization: Lead; Writing original

draft: Lead; Writing review & editing:Lead.
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6.2. Introduction

Distresses in flexible pavements refer to various types of damage or deterioration that can
occur over time due to traffic loads, environmental factors, and material deficiencies. These
distresses can significantly impact the structural integrity andceatwility of the road surface.
Rutting stands as a significant distress that adversely affects the durability and service life of
flexible pavement structures. This form of deterioration not only diminishes user comfort and
compromises safety but also lead escalated operational expenses for highway maintenance and
rehabilitation. Understanding the extent to which the rutting resistance of pavement mixtures can
be optimized requires thorough investigation. Given agencies' concerns about tterriong
pefformance of pavements, research on rutting investigation has become an essential and
indispensable area of study. Addressing this issue will contribute to the development of more
robust and longelasting flexible pavements, benefiting both road users m@athtenance
authorities.

6.2.1.Rutting Performance Evaluation

Laboratory performance tests play a crucial role in the BMD process as they ensure the
production of highperforming materials. Over the past few decades, several testing methods and
analysis protocols have been proposed and adopted in the laboratoayactatize the rutting
resistance of asphalt mixtures. These performance tests include theCABdbanest al. 2000,
Hamburg wheel trackingYfn et al., 202, French simulatorMota et al., 202}, and uniaxial
repeated load test to determine the Flownkar Faccinet al., 202 However, these procedures
typically employ pas$ail criteria based on fixed testing conditions, which limits their ability to
capture the complex nature of permanent deformation under varying field conditions. For instance,
as part of VDOT BMD specifications, the APA rut test is conducted at 64°C, witleshtiid of
a maximum rut depth of 8.0 mm after 8000 loading cycles. To address this limitation and achieve
a more comprehensive characterization of resistance to permanent deformation, two testing
protocols have emerged in recent years: the TSS and thieS&ISRThe TSS test offers advantages
over existing models by considering the influence of temperature, loading time, and deviatoric
stress on permanent deformation behawom(and Kim, 2017. Additionally, the SSR test has
been introduced to further simplify the TSS test, aiming to reduce its complexity and cost while
maintaining its effectiveness in evaluating the resistance to permanent deforidati@mnd Kim,

2017). Furthermore, Meroni et al. proposed a classification of rutting performancentedtsree

levels- basic, intermediate, and advancdaased on various factors including complexity, cost,
time, and training requirementdéroni et al., 202). This classification offers flexibility in
selecting the appropriate level of testing depending on the specific objectives and constraints of a
given research or engineering project
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6.2.2.Background onVirginia APT

In the U.S., Virginia is among the states that have implemented the use of APT facilities
for pavement evaluation purposes. In 2015, a collaborative experiment between the VTRC,
VDOT, and Virginia Tech was initiated and executed at the Virginia APT fatildated at the
VTTI. The experiment encompassed three major studies, including the investigation of the impact
of different overlays on CCPR mater{®lue et al., 2017; Xue et al., 2020; Flintsch et al., 2020
the assessment of field performance of wistinct densggraded SMs designed with varying
design gyration levels (50 and 68)€roniet al., 202), and the examination of reflection cracking
In 2020,another effort was planned and initiated to assess the application of the BMD concept in
designing durable and longksting mixtures in Virginia with a particular emphasis on mixtures
incorporating relatively higher RAP contents. The overarching scopeecéffort included the
development of the APT experiment, verification of mix design performatmcumentation of
paving operations and construction practices, and mixture sampling during production. Moreover,
it included coring of aplaced material, testing and analysis of the volumetric and performance
properties of mixtures, actual testing g HVS for rutting and cracking studies, analyses of
collected pavement responses and generated data, and documentation of observations and lessons
learned. A total of six experimenttdsting lanes were constructed. These lanes featured the use of
typicd and high RAP contents, RA, softer binder, and WMA additive.

6.3.0bjective and Scope

The primary objective of this paper is to conduct a comprehensive investigation of the
permanent deformation (rutting) behavior of SMs with conventional and high RAP contents
through fultscale accelerated testing under incremental loading conditiongalies specifically
covers the design of pavement test cells, the traffic test plan, and the measurement of rutting
performance. In addition, this paper proposes an empirical rutting model to account for the
environmental aging effect observed in the APdasurements. Furthermore, correlation analysis
is conducted between APT measured rut depth and two laboratory rutting performance tests.
Finally, an attempt to validate and refine the current VDOT BMD threshold was performed.

6.4.APT Setupfor 2020 BVID Experiment

Conventionallaboratory test protocols primarily aim to simulate the stress and strain
conditions experienced under typical traffic scenarios. However, it is important to acknowledge
that the stress or strain conditions imposed on specimens in laboratory settingffendnouh
those encountered in the field. To bridge this gap between laboratory simulations and/or ME design
models developed using laboratory material testing characterization and actual pavement stress
conditions, APT tests can be conducted using reptasve truck wheel loads and tire pressures.

HVS tests provide a valuable approach to overcome the limitations inherent in conventional
laboratory tests and offer a more precise representation of the stress conditions experienced by
pavements in actualeld conditions.
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The central component of the APT BMD experiment was the Dynatest HVS system,
specifically the Dynatest Mark VI model shown kigure 6-1a. This system featured an
environmental chamber designed to maintain a consistent temperature at the loaded area. The HVS
system automatically regulates the surface temperature to ensure that a depth of 2 inches from the
surface is maintained at the termgttere of interest. Inside the environmental chamber, a dual tire
carriage was mounted, capable of achieving a speed up to 12.4 mph with a tolerance of £2 mph.
The loading was applied using a dual tire assembly, utilizing 11.00R22.5 tires inflatedssuagore
of 105 psi. Additionally, the system allowed for the completion of 12,00@ivectional passes
or 24,000 bidirectional passes within a 2¥ur period. The dual tire carriage was capable of
accommodating loads ranging from 6,750 Ib to 22,500 Itasar profiler, installed on the HVS
carriage and shown Figure6-1b, was used to conduct scans of the pavement surface and quantify
the vertical permanent deformation present at the surface. A DAS was employed to capture signals
from various instruments and monitor the conditions of the pavement. To facilitate this data
acquisition process, input modules from National Instruments were installed in a chassis along
with a controller. The LabVIEW software was utilized to develop an interactive interface for data
management and analysis. The DAS system, along with its assbctamponents, was housed in
a weatheproof chamber located near the HVS apparatus.

(b)
Figure6-1. Photographs taken dfa) Dynatest Mark VI Heavy Vehicle Simulator; (lgser
Profiler Mounted on HVS Carriage

6.5. Experimental Program
6.5.1.Materials Evaluated

A total of one control and five BMD 9.5mm dergeded SMs were investigated in this
study. The mixtures incorporated various combinations of RAP contents, two binders (& 64S
and PG 588), one RA, and one WMA additive. The BMD optimized mixtures vagsigned
following VDOT BMD special provisions using Approach D (Performance Only). The volumetric
properties and gradations of all mixtures collected during design with various performance testing
details can be ifTable3-1. Those collected for each sample / sublot during production can be
found elsewheréTong et al., 20283
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6.5.2.Design of APTTestCells

Six APT lanes were constructed, each lane was designated to evaluate one of the six
mixtures under fullscale accelerated loadirgach lane had a length of 300 ft and a width of 10
ft. Within each lane, five test cells (labeled A through E) were established. Test cells A, C, and E
were specifically designated as the test cells for comprehensive data collection. These test cells
were instrumented with a variety of sensors, including strain gauges, pressure cells, moisture
sensors, and thermocouples to adljfgavement response data. Test cells B and D served as backup
test cells to address unforeseen issues or unexpected damage during the experiment. The test cells
were strategically positioned within each lane, spanning the center 200 ft of the 300datdne;
test cell had a length of 24 ft. Space between each test cell provided room for the HVS support
structure Figure6-2a provides a visual representation of the site layout for the 2020 APT BMD
experiment. The pavement structure, shownFigure 6-2b, was consistent across all six
constructed lanes. Each lane was built with a research mixture consisting of-inchllifis, with
a total thickness of 3 incheBach research mixture was placed on top of-n¢2 VDOT 21B
base layer, followed by an additional2@h layer of VDOT 21B as a subgrade layer placed over
a reinforced foundation.

N\ 77 Rutting study cell Cracking study cell
10 || L6 [(B] o] [D] 24 ft 45 HR L L

L5 tlell [ b ] [[E] 30 O

Hra BT 60_HR L RA
L3 &y [(B] fed] [(D] [FE 45 HR
L2 A [(B] Fiedl [ D] [FE] 45 HR RA
L1 [ D] 30 C

(I) l 5I0 l l(I)O l 1%0 l 2(I)0 l 2%0 l 3(I)0 ft

(2) (b)

Figure6-2. (a) Site Layout for the 2020 APT project; (b) Pavement Structure.
6.5.3.Loading Protocols

Two studies were conducted per lane, oneguting evaluation and another for cracking
evaluation. Specific cells were assigned for each experiment. The key distinguishing factors
between the cracking and rutting studies were the variation in testing temperatures, loading
protocols, and wanderingettings. For this paper, the focus is the investigation of rutting
performance within the 12 rutting test cells, two cells in each of the six lanes.

The loading protocol implemented within each test cell followed a specific pattern.
Initially, a wheel load of 9,000 Ibf was maintained for the first two weeks. Subsequently, the load
was increased to 12,000 |bf for approximately one week, followed hyteefuncrease to 15,000
Ibf for approximately another week. This progressive loading protocol was designed to expedite
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the development of pavement distresses. Wandering was set to a maximum of 2 inches on either
side of the centerline. The internal pavement temperature was maintained at 40°C (104°F)
measured by a thermocouple embedded at a depth of 5.1 cm (2 inch) bempatrement surface.

The 9,000 Ibf load level was selected to simulate half of an 18,000 Ibf standard axle load.
Throughout the test period, the HVS operated continuously, except for regular daily maintenance
and occasional repairs. Additionally, tempgrataff shortages during the COI® period may

have impacted the testing schedule. The loading and repetitions were converted into ESALS, with
the target of achieving approximately 500,000 ESALs in each rutting test cell. The number of
ESALs were calcuted using Equatiors-1. The 18kip singleaxle equivalency concept was
introduced based on the AASHO road accelerated testing completed inrKE@@det al., 1998

One pass at the 9,000 Ibf, 12,000 Ibf, and 15,000 Ibf load levels corresponded to 5,0an@&.3

8.55 ESALs, respectively.

wheel 1o%d in Ib

%3! , O——— Equation 61

6.5.4.Experiment Timeline

The APT BMD experiment was conducted over a period of approximately three years.
Detailed information regarding the loading timeline and applied loading conditions for the
pavement during the testing period can be fouriainle6-1. Summary of Rutting Testing Cells
and Timeline Within the APT BMIEXxperimentThe notation R1 is used to indicate rutting cell_1,
which underwent testing prior to rutting cell_2 denoted by R2. This differentiation is made to
facilitate the subsequent explanation of potential environmental aging effects. The loading
protocols emplogd for the test cells were summarizedrigure 6-3. The slope of the curves
depicted in the figure indicated the loading rate, which might be influenced to a minor extent by
daily management practices but was primarily driven by the magnitude of the applied load.
Specifically, as the loading magnituderneased, the slope of the curves became steeper. Besides,
it was observed that the accumulated ESALs for cell 45 HR_R1 and 45 HR_R2 were relatively
lower than other test cells. This can be attributed to the fact that these cells experienced rutting
failure at an earlier stage compared to the remaining cells. It is important to note that, due to the
arbitrary arrangement of lanes and material allocations, the test IDs have been reddiaiee in
6-1 for clarity and consistency in subsequent discussionsallpjtthe dual tire assembly ran
unidirectionally at a constant speed of 4 mph. However, due to equipment aging issues, the loading
speed was increased to 6 mph on May 6, 2021. Consequently, most of the test cells were subjected
to loading at 6 mph, whil8 test cells continued to be subjected to loading at 4 mph

Table6-1. Summary of Rutting Testing Cellsd Timeline Within the APT BMIEXperiment.

Test Period Loading
TestID Cell | Paving Date | Start End Speed| # of passes| # of ESALs
30 C R1 L1C | 10/20/2020 06/22/2021 | 08/13/2021| 6 mph| 182,605 479,170
30_C R2 L1B | 10/20/2020 09/13/2022 | 10/17/2022 | 6 mph| 136,422 589,261
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30_0O_R1 L5B | 04/29/2020 | 06/10/2020 | 07/30/2020| 4 mph| 116,199 476,737
30_O_R2 L5E | 04/29/2020 | 08/03/2020 | 10/02/2020| 4 mph| 134,378 505,751
45_HR_R1 L3E | 07/15/2020 | 10/29/2020 | 12/19/2020| 4 mph| 135,411 256,075
45 _HR_R2 L3A | 07/15/2020 | 04/18/2022 | 05/09/2022| 6 mph| 110,664 374,457
45_HR_RA_R1 L2E | 07/17/2020 | 08/20/2021 | 09/30/2021| 6 mph| 136,912 590,851
45 HR_RA_R2 L2A | 07/17/2020 | 05/16/2022 | 06/11/2022| 6 mph| 132,439 527,431
45_ HR_L R1 L6E | 10/22/2020 | 11/08/2021 | 12/08/2021| 6 mph| 130,645 516,337
45 HR_L R2 L6A | 10/22/2020 | 07/28/2022 | 08/25/2022| 6 mph| 130,358 530,659
60_HR_L_RA_R1 | L4E | 10/23/2020 | 10/13/2021 | 11/03/2021| 6 mph| 122,395 483,630
60_HR_L_RA_R2 | L4A | 10/23/2020 | 06/21/2022 | 07/22/2022| 6 mph| 132,661 550,435

APT = accelerated pavement testing; BMbatanced mix design; R1 = rutting celj B2 = rutting cell_2; ESALs
= equivalent single axle loads.

Figure6-3. Loading Protocols for Various Test Cells. ESALs = equivalent single axle loads; # =
number R1 = rutting cell 1; R2 =rutting cell 2.

6.5.5.Rut Depth Measurement

The laser profiler, positioned on the carriage of the HVS as showigune6-1b, was used
to conduct regular surface scans of the test bed. These scans were performed on a-dkilly or bi
basis, excluding weekends and vacation periods. The laser profilers captured surface elevation
measurements atich intervals across the longdinal span of the HVS test cell (24 ft), resulting
in the generation of a row of data containing 69 points. However, due to the location of the laser
profiler at the head of the mounted carriagig(re6-1b), only the initial 53 points, equivalent to
a distance of 5.385 m (17 ft. 8 in.), were deemed to provide effective measurement data.
Subsequent to completing one set of longitudinal measurements, the laser profiler was shifted
inward by 2.54 cm (1 inchih the transverse direction. Within the transverse direction, a total of
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