ABSTRACT
ISIED, MAYZAN . Critical Assessment of Asphalt Mixture Design Procedures and Asphalt

Mixture Classification SysteméJnder the direction of Dr. B. Shane Underwood and Dr. Cassie
Castorena).

State highway agencies (SHAs) and the asphalt industry are continually implementing
new technologies, test methods, and specifications to improve asphalt mixtures and pavement
performance. However, evaluating the effect of those new technologies is not an easy task. The
link between mix design and pavement performance is not clear when it comes to asphalt
pavementskurthermore, a few SHAs have begun the process of implementiagkang test
and a rutting test into the mixture design
(BMD) approach. While there are four potential approachesording to AASHTO PP 105 for
implementing a BMD procedure, most states follow Approaah vhich each mix design must
meet both the volumetric requirements plus the performance test ctiteaddition,specimen
preparation and testing time have limited the frequency of testing used for the purpose of BMD
or acceptance testing.

In consequete, this dissertatioavaluatée the most common adjustments made by SHAs
(NCDOT in particular) to their Superpave volumetric mix design procedameserified the
effectiveness of these adjustments through historical data. In additioresésclsupprtedthe
ongoing effortdo reintegrate the mechanical tests as part of the mix design by generating
performance prediction models for mixture characteristics that can be used in mechasésdic
pavement performance prediction models and hapkdidtheissues and challenges resulting

from relying on only mixtures volumetrics



SHAs (NCDOT) mix design data from the HICAMS database (North Carolina
Department of Transportation mixtures database) as well as actual measured mixture
performance data ovend past years from the NCSU mixture datapaseeharvestecnd
analyzed The job mix formulas (JMFs) from the HICAMS databasgecompiled and
compared over a span of 20 yedosusing on changes implemented over the years and their
effects on volumeits. The analysis presented in this dissertation investigated how these changes
have affected asphalt mixture designs with respect to composition and perforiance.
extracted job mix formulas were compared based on their volumetrzoastituent
composition In addition, the effect of Nsignon asphalt content and VMA as well as the
sensitivity of calculated VMA values to the variability irp@easurementsvas evaluatedlhe
performance characteristics of mixtures with the samsitilzetionswerecomparedfocusing
on showing the challenges when trying to relate the volumetric properties of asphalt mixtures
with performance indicatoré& compelling case that volumetricsly mix design has limitations
and a case study showing hdve tmixtures reported volumetric properties can be deceiving were
presented and discussé&ifferent levels of mixtureesign angberformance characteristics
prediction modelsveredeveloped utilizindArtificial Neural Network (ANN)modeling
techniquesMainly, three different ANN prediction models were developed and presented. The
first model was a mathematielaased ANN model that has the ability to leverage state DOT mix
design data to predict the Superpave optimum binder content for given mix propedétailed
framework for the model development was presented as well. The second was a new ANN based
prediction model for dynamic modulus |Egm the basic mix design information that included
the recycled binder content. The third was a series of AldiMdworks and models for

predicting the cyclic fatigue test analysis results, specifi@\Spp C11, andCiz. The findings



presented in this dissertation suggest that SHAs should consider restructuring their mixture
classification system to be basedmixture performance rather than on volumetric desigth
demonstratéhe need for mechanical mixture evaluatinaddition, thisdissertation
demonstrated thgotential use ofhe ANNmodels for aiding and simplifying the material

evaluationprocesswhile highlightingand assessintpe challenges related to their use.
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CHAPTER 1. INTRODUCTION
1.1. Background and Problem Statement

In general, societal, economic, and performance needs force a field to change over time.
In recent years, the asphalt industry has been affected by many of those factors, such as the
increase in asphalt binder prices and the societal pressure to restaensumer materials into
pavements. In addition, there is economic pressure to uset¢oserecycled materials such as
reclaimed asphalt pavement (RAP), reclaimed asphalt shingles (RAS);&fithed engine oil
bottoms (REOB). On top of that, traffflemands, and the number of cars have substantially
increased.

Mix design has an important role in the letggm pavement network condition. The
conditions and the needs surrounding mix design decisions have changed significantly over the
years. These calitions include cost, tonnage produced, target purpose of the mixes produced
(wearing mix dominant versus structural mix dominant), need of recycling and the use of
recycled materials, etc. The needs and conditisaisexistedvhen the Marshaksphalt mxture
designmethod was conceived atempletely different thawhat exists todayin addition, the
mixture demandare now very different than thiequirement$or which Superpave, the
volumetricsbased method, was developed. Given all the changesatssrprise that the State
highway agencies (SHAS) are trying to modify their mix design procedures in order to yield
betterperforming mixtures.

It is undeniable that mixture compositional properties ultimately influence pavement
performance and that the properties are dependent on mix design methodology. The most
dominant mix design method currently used, the Superpave method, assumes that mixture

performance can be uniquely tied to volumetric properties and is thus structured around a



volumetric basedhethodology. However, two key questions remain: (1) do mixtures with

similar volumetric properties have the same pavement performance? and (2) how have State
highway agencies (SHAs) adjusted their mix design procedures (implicitly or explicitly) from the
original Superpave or Marshall to solve observed performance issues?

Similar to evaluating potential mix design improvements, state highway agencies are
continually implementing new technologies, test methods, and specifications to improve asphalt
mixtures and pavement performance. Furthermore, a few SHAs have begun the process of
implementing a cracking test and a rutting test into the mixture design process for what is termed
a Abal anced mix designo (BMD) apphevaacording Whi | e
to AASHTO PP 105 for implementing a BMD procedure, most states follow Approach A in
which each mix design must meet both the volumetric requirements plus the performance test
criteria.

The emergent term used to describe the totality of @rpats that have been proposed
for use in BMD is 6performance testsd. This t
strictly a pavement related phenomenon, but t
testsd i s t ha tresfoeseneispedfic gapgrth. aHattpropeityxmayrelate to
performance under some specific conditions (i.e., pavements are constructed at appropriate
density or individual lifts/layers are properly bonded together), and in this case, the test provides
anindication of the likely performance of the pavement constructed with that material. Specimen
preparation and testing time have limited the frequency of testing used for the purpose of BMD
or acceptance testing. As a result, most SHAs that currently equgriformance tests as part of
their mix design procedures have not used them for acceptance and those that do, are not using

them for payment determination. In addition to the testing requirements, many of the methods



currently used by SHAs cannot be ditg integrated into performance prediction models to
estimate the longerm behaviors of the associated pavements.

This issue is one where machine learning techniques can make significant contributions,
given the fact that state highway agencies and sesgarch institutions have collected a
substantial amount of mix design and mix mechanical performance data over the past decades. If
this data can be successfully leveraged to develop a reliable predictive algorithm, then the
resulting models could be wbsby mixture designers to design balanced mixtures in a more
practical and less timeonsuming way. The models could also be used by SHA personnel for
rapid verification of submitted mixture designs and for acceptance testing. Those models could
be used &b to flag whether the predicted mechanical performance of a given mix is
substantially different from some accepted baseline and thus warrants closer attention. Different
models can be developed for each state based on their mix data since most wEsthasta
some sort of database system, in which they store all the mix data.

Despite the abundant research efforts towards better linking mix design and pavement
performance over the past few years, several knowledge gaps remain. The ultimate goals of this
research are to evaluate the most common adjustments made by SHAs (NCDOT in particular) to
their Superpave volumetric mix design procedures, and to verify the effectiveness of these
adjustments through historical data. In addition, this research airea¢oad performance
prediction models for mixture characteristics that can be used in mechhastid pavement

performance prediction models.

1.2. Objectives
Based on the background informatimresentd anddiscussed above, this dissertation

seeks to achievthe following objectivesyhich will support the ongoing efforts for

reintegrating the mechanical tests as part of the mix dpsigess



1) Analyze and quantify the effect of mix design procedural changes on the asphalt
mixture volumetric properties ugjrreal SHAs mix design data,

2) Present the challenges associated with
properties only as performance indicators, and

3) Develop predictive, datdriven based models for mixtudesign as well as

mechanical performance prapes.

1.3. Research Approach
The overallresearclorganizations presented ifigurel. To meet the objectives of this

dissertation, mix design data from the HICAMS database (North Carolina Department of
Transportation mixtures database) as well as actual measured mixturenpade data over the
past years from the NCSU mixture databassreharvested. The job mix formulas (JMFs) from
the HICAMS databaseerecompiled and compared over a span of 20 yéacsising on

changes implemented over the years and their effects ometics. The performance
characteristics of mixtures with the same classificatwoerecompared to identify the challenges
when trying to relate the volumetric properties of asphalt mixtures with performance indicators.
The current mix design volumetrizased classification systanasevaluatedhroughpavement
performance predictions. Different levels of mixtararacteristics prediction modeiere

developed utilizingcAAN modeling techniques.



Chapter 3
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changes done by NCDOT
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Develop an ANN prediction
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Superpave optimum binder
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content
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Download the needed mix
design data from HICAMS
and develop the NCDOT mix
design database

Collect mechanical testing
data from the NCSU group
database and develop a
research database

Develop an ANN prediction
model to predict dynamic
modulus |E*|

l

l

l

Compare the mix design
volumetric characteristics
(VMA, Gg,, RBR contents,
Nies» €tC.)

Run pavement performance
simulations utilizing the
collected mixture mechanical
properties

Develop an ANN prediction
model to predict the cyclic
fatigue test analysis results

Synthesize the most common
adjustments made by SHAs
(NCDOT) to their Superpave
volumetric mix design
procedures and verify the
effectiveness of these
adjustments through
historical data
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that volumetrics-only mix
design has limitations and
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efforts to reintegrate
mechanical tests as part of
the mix design

Generate performance
prediction models for
mixture characteristics that
can be used in mechanistic-
based pavement performance
prediction models and
balanced mix design

l

Support the ongoing efforts for reintegrating the mechanical tests as part of the mix design process and
restructuring the mixture classification system to be based on mixture performance rather than on

volumetric properties

Figure 1. Overall research organgation.

1.4. Dissertation Outline

This dissertation consists sévenchapters, organized as follows:

91 Chapter 1. Introduction : This chapter introduces the research topiuithe

objectives.




1 Chapter 2. Literature Review: This chapter presenésconciseeview of mix
design history, ANN use in civil engineering, existing dynamic modulus
prediction models, and cyclic fatigue test analysis protocols as an effort to
highlight the research needs and existing knowledge gaps.

1 Chapter 3. Evaluation of Asphalt Concrete Job Mix Formula Specification
Changes This chapter presengsreview of the changes enacted by the North
Carolina Department of Transportation (NCDOT) between the years 2000 to 2022
to their IMF specificationg he effect of the recent changes implemented in year
2018 on the resulting miures volumetrics and compositions were evaluated
visually as well as statisticlgil ( St u d-est)tinadditidn, the effect of the bulk
specific gravity measurement errors on the calculated and reported Voids in
Mineral Aggregates (VMA) values was assed and presentelhis work was
part of theFHWA/NC/202312 research project.

1 Chapter 4. Mechanical Properties and Performance for Mixtures of the
Same Classification This chaptepresents the differences between mixtures
from the same chsification through the evaluation thireedifferent mixtures
from the sameyolumetric classification according to NCDOT QMS maniidle
mechanical characterization of the mixtures was conducted using the AMPT via
dynamic modulus testing (AASHTO TP 132yclic fatigue testing (AASHTO
TP 133), and stress sweep rutting testing (AASHTO TP I3%) pavement
performance predictions wererformed utilizing FlexPAVEM for rutting and
Pavement MEor cracking.The presented work ithis chaptehas been

submited for publication in the Transportation Research Record, Journal of the



Transportation Research Boalflthe authds contribution to the paper as follows:
study conception and desigvi:M. Isied N. Williams, B. S.Underwood, and .

R. Kim; data collectionM. M. Isied, andA. K. Kuchiishi; analysis and
interpretation of result$vl. M. Isied N. Williams, N. SalehA. K. Kuchiishi, B.
S.Underwood, an®'. R. Kim; draft manuscript preparatioM. M. Isied N.

Williams and N. Saleh

Chapter 5. Mechanical Propertiesand Performanceof High Recycled

Content Mixtures Designed Using Alternative ApproachesThis chapter

presents aase study showinigow the current interpretation of the volumetric
properties of RAP and RAS mixtures is erroneous and can lead to performance
consequences$n thischapter, mixtures from three different sources were
evaluated and systematically redesigteedonsider the available recycled binder
to blend and contribute to the mixtigperformance. Thehapterdemonstrates

how an incorrect assumption of the recycled binder availability in mix design
significantly affects the inferred asphalt mixture vokint properties and
performance. The results show that the volumetric properties and performance
change considerably as a result of considering recycled binder partial availability.
The presented work in this chapter has been submitted for publicattoa in
Transportation Research Record, Journal of the Transportation Research Board.
The authds contribution to the paper as follovetudy conception and design:
M.M. Isied,D.M. Mocelin,B.S. Underwood, Y.R. Kim, C. Castorena; data
collection: M.M.lIsied D.M. Mocelin,J. Preciado, P. Vesteranalysis and

interpretation of result$vl.M. Isied,D.M. Mocelin, C. Castorena; draft



manuscript preparation: M.M. Isied,M. Mocelin, B.S. Underwood, Y.R. Kim,
C. Castorena.

Chapter 6. Artificial Neural Network Model for Superpave Optimum

Asphalt Content This chapter introduceand test a framework for building a
mathematicabased artificial neural network (ANN) model that leverages a very
large database of approved mixture design data to predict the Superpave optimum
binder content for a given set component properties and gradation target. This
ANN model is then used to generate a stalahe equation that can predict the
Superpave optimum binder content as a function of specific mix properties. A
total of 245 ANN models were developed to idBntine best combination of the
mixture and material variablelSsurthermorethis chapterevaluated the effect of
input data range on the prediction ability of the developed ANN models.
Chapter 7. Artificial Neural Network Model for the Prediction of the

Dynamic Modulus: This chaptepresentsan artificial neural network (ANN)
basednodelthat can be utilized to predict the dynamic modulus of asphalt
mixtures based on the mixture composition. The main difieg between the
newly developed model and the preexisting models is in the use of the RBR
percent as one of the modeling variablése model can be used to generate
Pavement ME dynamic modulus inputs if teemposition of the mixturavas
known. This workwas part of th&HWA/NC/202612 research project.

Chapter 8. Neural Network Model for Fatigue Performance

Characterization: This chapter introducesnd test a framework for building a

mathematicabased artificial neural network (ANN) model that leverages a very



large database ofixtures devaiped by the NCSU research grabpt can be
utilized predict the damage characteristic coefficiaitasphalt mixtures based
on the mixture compositiofhe developed model can be used to generate the
damage learacteristicurve CvsS) for a mix ifits Volumetric composition was
known.Mixture testing ad analysisefforts arecredited taNooralhuda Farid
Saleh SalehKazuo (Andre) KuchiishAla' Hudaib,Omar OthmanandDouglas
Moucelinsince he data usefbr the modelingwere collectedrom them

Chapter 9. Summary, Conclusions, and Future Work The last chapter

summarizes the work making up this dissertation and recommends future work



CHAPTER 2. LITERATURE REVIEW

2.1. Volumetric Effects and Mixture Design

Engineers have recognized the importance of volumetric composition (e.g., the relative
volumes of aggregate, asphalt, and air) on asphalt mixture performance for more than a century
(Richardson 1907Because of these links, asphalt mix designs have been closely linked to
indices that include voids in mineral aggregate (VMA)ds filled with asphalt (VFA), dudgb-
binder ratio (now called dust p(fhepsphalt i on or
Institute 1964)Much of the groundwork for the current implementation of these assessments
was established in seminal works on effective spegifvity (Martin and Laymari957)
maximum specific gravityRice 1957) and voids analysiéicleod 1956, Campeet al. 1957)
from the 19500s.

The methods to best achieve desirable mixture volumetrics through cpemifs vary.
The Marshall method of mixture design attempted to control these volumetrics by first
establishing compaction controls, setting total voids limits at those compaction levels, fixing
thresholds and limits for strength and ductility, and finalecking that sufficient void space
was filled with asphalfThe Asphalt Institute 1964Pther mix design methods (Hveem and
Hubbard) used essentially the same process, but varied the precise methods to calculate voids,
the means of controlling void content, and compadicDaniel et al.2012) Superpave
mixture design also followed this model except that in the final implementation it eliminated
verification of the mechanical properties and elected to rely solely on volun{dtdBaniel et
al. 2012) Note, a final verificatiomf resistance to moisture damage is done using indirect
tensile strength in the Superpave mix design method, but this parameter is not used directly to

determine the composition of the mixture. Rather, it serves as a final check of the compatibility
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of the constituent materials. Since the initial implementation of Superpave, two major

approaches to controlling the composition and ensuring that asphalt mixture design produces a

durable material have emerged; 1) tweaking mixture design variables and ppratiog

mechanical testing into the design process (also known as balanced mixture design methods).
The first method involves adjusting the compaction efforts, target air void contents,

allowable volumetric thresholds, etc. in ways that increase therdarabasphalt binder in the

mixture. NCHRP Projects-25 and 931 focused heavily on the design air void content level as a

potential pathway to achieve this goal. This research found that increasing the allowable range of

air voids content from a fixed & of 4% to a range between 3% and 5% could produce

mixtures that are more durable because it permits mixture designers to best meet other important

volumetric and compositional factors (sufficient asphalt binder and strong aggregate skeleton)

given the baracteristics of their specific materials. However, this work also highlighted the

importance of adjusting VMA requirements when such changes are made in order to ensure

sufficient VFA. Essentially, the study highlighted the difficulty in making changessingle

volumetric index to achieve desirable changes to mixture composition. This research also

surveyed states and found that some states had established maximum limits to VMA and/or made

slight adjustments to the minimum VMA limits of the nationap&pave standarddASHTO

R35 2015, AASHTO M 323 2017The research did not present any studies where agency

mixture volumetrics were compared before and after changes to Superpave specifications were

enacted. Instead, the researchers conducted aamafgsis comparing the properties of mixtures

that were dsigned with various approaches across multiple agencies. One thing to note on the

volumetric mix designs is that the asphalt pavement community has been trying to find ways to

implement performance testing during the mixture design process, but ofteipfacecal
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constraints. For example, the original Superpave mix design procedure included a Level 1
approach wherein performance testing via the Superpave shear tester was to be part of the design
process. However, in the end, the final design procedimeted only volumetric procedures
because of limitations in the modeling and testing technologies. This timing is important because
the efficacy of using only volumetrics was proven at a time when mix designers typically used
only virgin aggregates and lgiers in their mix designs. The limitations of conventional
volumetric tests have become more apparfeox et al.(Cox et al.2022)in their metaanalysis
comparing the pragrties of mixtures approved in Mississippi, concluded that minor variations in
the aggregate bulkpecific gravity values will significantly affect the reported VMA values, and
as a result, more than 90 percent of the study mixtures fail the specifiedumnyMA limit.
There has been a growing recognition that meeting volumetric requirements does not guarantee
good performance. This growing recognition has coincided with the growth in new materials and
technologies (i.e., recycled materials, binder modifizwarm mix asphalt, etc.) within the paving
industry(Westet al.2018)

The second method of achieving desirable mixture characteristics involves characterizing
the mechanical properties a$phalt mixtures during the design process, e.g., BMD or
Performance Engineered Mix Design (PEMD) methods. Multiple approaches within these broad
approaches exist. At the simplest level, the Superpave mixture design is supplemented with tests,
which verifythat the rutting and cracking resistance of the volumbtiged design is
sufficiently high. At the most complex level, volumetrics are practically abandoned and the

design is only based on rutting and cracking resistance.

2.2. Atrtificial Neural Networks
Artificial Neural Networks (hereinafter referred to as ANN), are interconnected structures

that are able to perform parallel computations through their simple processing units (artificial

12



neurons) and are known for their strong pattern recognition ab{lMieCord-Nelson and
lllingworth 1991, Schalkoff 1997)

Adeli (2001)reported that the first use of ANN to solve civil engineering problems
appeared in an article published in 128l reviewed several research studies diilized ANN
models Most reviewed studies were related to construction management and structural
engineering, but the paper included water resources, traffic, highway, water resources, and
geotechnical engineering topics. It was pointed out that thiglsibackpropagation algorithm
was the base of most engineering applications.

Statistical methods and machine learning techniques were compared by Karlaftis and
Vlahogianni(Karlaftis and Vlahogianni 201Xpr the field of transportation engineering. In their
paper, it was discussed that the two primary tools utilized for data analysis in transportation
engineering were machine learning and statistical analysis. It was concluded that the statistical
approachs better when: (1) the problem can be solved using an available statistical method, (2)
there is a known functional relationship between the evaluated experimental factors, and (3) the
statistical properties of the developed model should be quantfiethe other, the ANN
approach is better when: (1) good predictions are the ultimate goal of the research, (2) the
function generating the data is unknown or hard to define, (3) an ideal statistical model is hard to
be applied to the data, and (4) a religiedictive model cannot be produced utilizing traditional
mathematical methods.

The smallest and simplest ANN is formed from three layers: an input layer, an output
layer, and a single hidden layer between th®everal neurons will be included in eaakdr,
that with the number of hidden | ayers, wil/

deep learningXiao 2006) In this structure, no processing happens inside the input layer
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neurons, and they are simply connection joints. On the other hand, the hidden and output layer
neurons are constructed from two main parts. The first part is the activation function, which is
simply a summation function passing a single value resultimy fn@ weighted inputs to the
second part, a transfer function (signal) responsible for the wave signal flow inside the network.
Empirical and mechanistempirical (M-E) methods are considered the two main
approaches for asphalt mixtures' mechanioaperties evaluation. Empirical observations of
pavements and materials are the base of the empirical methods, and in general, those methods
will not consider any failure criteria or fundamental engineering properties. The mechanistic
empirical methods wengresented as an advancement to the empirical methods since they
partially consider some fundamental materials properties such as stiffness. However, one of the
biggest challenges that face those methods are the need for expensive and very sophisticated as
well as timeconsuming laboratory testing, which makes the use of such methods for pavement
routine design impracticgMirzaiyanrajeh 2021)
With all the recent development towaittis BMD/PEMD, there is a need to find a
practical tool, that includes indirect evaluation for the mechanistic properties of the mixtures
without the need for extensive testing. Artificial neural networks are one of the-fastestg
artificial intelligence (Al) techniques that lead the development of most indutBobslkoff
1997, Zhanget al. 1998, Moayedet al.2020)and are considered an effective tool for replacing
complicated calculations or regression niedAs one of the most promising dattaven
techniques, ANN has proven to have achieved a degree of success and reliability in numerous
academic subjects and proje@@$u et al.2017, Khan and Yairi 2018, Srikanth and

Arockiasamy P20, Houet al.2021)
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2.3. Dynamic Modulus Prediction Models
Over the past sixty yearidre has been a significant amount of research for developing

different prediction models for dynamic modulus values in an effort to overcome the
complicated and timeonsuming lab tests needed to determine this critical value for
characterizing asphalt mixtures. However, each of the developed models comes with its set of
limitations. Some of the most commonly used models are Witcak models based on binder
viscosity anddynamic shear modulu§T|, the modified Hirsch model, and-Khateeb et al.
models that wersimplified versions othe modified Hirsch model.

The Witczak viscositypased equation was initially developed by Witczak and his
colleagues through the modiftean of Shook and Kalla&Shook and Kallas 1969 odel. It
utilized an extensive database that contained hundreds of dynamic modulus measurements. The
full research dbrt to establish the predictive model conducted prior to 1989 was summarized by
Witczak and Fonsed&Vitczak and Fonseca 199@etween 1995 and 1996, Witczkknseca
further refined the model using 1429 test data points from either unaged etestmooveraged
lab-mixed asphalt mixtures utilizing conventional bindensy (Ceylanet al. 2009a)further
revision to that model was conducted by Witczak utilizing an expanded database encompassing
2750 test data points resulting from 205 unaged or &t overaged lab mixed asphalt
mixtures, 34 of which included polymeatodified binders. This dabase was known as the
UMD |E*| database, and the revision resulted in the original version @&*fharédiction model
that was included in the earlier versions of the AASHTO Pavement ME Design and is given in
Equation(2.1) (Bari et al. 2006)

The statistical summary of the equation as provided by the Guide fdravistic
Empirical Design (NCHRP-B7A) is as follows:

R2=0.96
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Se/Sy=0.24

Number of Data Points= 2750

Temperature Range=0 to 130°F

Loading Rates= 0.1 to 25 Hz

Number of Mixtures= 205 total, 171 utilizing unmodified and 34 utilizing modified binders

log |E" F 3.750063+ 0.02932,, - 0.00176Z( > ) - 0.002841 056809%,
03.871977 0.0024, + 0.003958 - 0.000017(* ) + 0.00547 (2.1)

1 ¢ 0603313-0.313351log( )-0.3935321d( ))

a v
-0.8022@ 2"

CUbeff = Ya +
where;
|[E*| = dynamic modulus in psi,
h = bitumen viscosity in @ Poise,
f = loading frequency in Hz,

Va = percent air void content,

Vet = percent effective bitumen content,

ras = cumulative percent retained on the % in sieve,

rsg = cumulative percent retained on the 3/8 in sieve,
ra = cumulative percenetained on the No. 4 sieve, and
r200 = percent passing the No. 200 sieve.

The modified Hirsch model for estimating asphalt concrete complex modulus and the
phase angle under shear and compression was develofduistenseret al. (2003) Four
alternative formulations for the modified Hirsch model were presdteganet al.2008)
Series formulation, parallel formulation, dispersed formulation, and alternate formulation. It was
concluded thathe accuracy of the three versions was not good enough compared to the fourth
formulation. The fourth formulation wasgeneralization of the parallel and series formulations
and was the most accurate for their study data. In addition, this formulation produced the best
results and was the simplest and the closest to the original Hirsch model compared to the other
formulations. The common factors between the first three formulations were the use ef the so
called aggregate contact volume as well as the use of the mastic phase of the asphalt instead of
the use of the asphalt binder phase alone. However, the fourth foonwets more

straightforward since it treated the asphalt concrete as aghese system of voids, binder, and
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aggregat€Al-Khateebet al.2006) Christensen and Bonaqu{&015)developed and presented
an improvedrersionof themodifiedHirsch model The model was improved by the
simplification of the Hirsch equation mathematically, considering the aggregate specific gravity
and the strain level as predictors, and the modelibeat@on using a test dataset that was
corductedfollowing the asphalt mixture penfmarce tester standds. The autbrs conduded
thattheimproved model maaged to elinnate and redce the tendrcy of the original model to
underestimate the @dicted dymmic modulus valug

Al-Khateebet al.(2006)utilized the Federal Highway Administration (FHWA)
Accelerated Loading Facility (ALF) mixtures database for modifying and further simplifying the
Hirsch model. The study presented a simple dynamic modulus prediction model that only
requires the binder shear mubdls and the void in mineral aggregate as inputs. The study
concluded that the model provided good predictions for the ALF mixtures and had an acceptable
standard error.

Singhet al.(2012)developed a regressidirased | prediction model for asphalt
mixtures that considers the aggregate shape parameters: form, angularity, and textoreddlh
performance was compared to the Witczak model, in which aggregate shape factors were not
considered as part of the modeling inputs. The study concluded that the mean average relative
error for the Witczak model was significantly higher than thestibgped model erroin addition,
it was pointed out that the dynamic modulus increased with the increase in aggregate angularity
and texture and that including the aggregate shape parameters enhanced the model prediction
ability.

The use of thartificial neural networknodeling techniques during the development of

the Mechanistieempirical Pavement Design Gui(dEPDG) (NCHRP 2004,)demonstrated the
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possibility and enhanced its use for the pavement systems predictions. Few researchers have
attempted to predict the mixtur&S||through the use of ANModeling techniqueiCeylanet al.
2008, 2009b, Sakhaeifat al.2009, 2010, Rahman and Tarefder 2017, Ketyal.2018, Liuet

al. 2018, Moussa and Owais 2021, Barugateara. 2022) The developed models varied in
utilized layerand network architectures, the number of hidden neurons within each layer, the
activation and transfer functions, the input and output factors, the training methodology, the
training and network overfitting aidance algorithms, and the training and validation datasets.
The developed ANN models generally had higher accuracy and lower bias compared to the
known regressiotbased prediction models. However, poor generalization performance, network
overfitting issus, and poor extrapolation abilities are some of the challenges faced by those
models.

Ceylanet al.(2008, 209) developed a series of ANbased methods to preditf || by
applying different ANN modeling techniques and compared their prediction ability to the
regression prediction models in the literature. It was concluded that the ANN base models were
betterthan regressiocbased models with better sensitivity to test frequency and temperatures.

ANNACAP is an artificial neural network (ANN)ased software that can be utilized to
predict the dynamic modulus of asphalt mixtures based on the mixture compdisitias.
initially developed by the research team at North Carolina State University (NCSU) for
computing the dynamic modulus parameter in the Long Term Pavement Performance (LTPP)
databasé€Kim, Underwoodgt al.2011) For the model development, seven datasets coming
from five different databases were utilized. The databases were Witczak, FHWA Mobile Trailer
| (FHWA 1), FHWA Mobile Trailer Il (FHWA 11), North Carolina Department of Transportation

(NCDOT) I, NCDOT II, Western Research Institute (WRI), and Citgo. Of these mixtures, the

18



vast majority contained no RAP, and those that did were all below 20%. For the NCDOT | and
NCDOT Il databases, the RAP contents were between 0% and 15%. The model had an average
R? of appraimately 0.91 and &S, of approximately 0.31.

ANN model s have an advantage over regressi
in that they do not require prior knowledge of the predictive functional form. In addition, the
ANN technique has the abjito capture complicated nonlinear relationships between the many
factors affecting dynamic modulus values. The disadvantage is that when the combination of
input factors exceeds the ranges used in calibration, the model may yield large errors in the

predicted modulus.

2.4. Cyclic Fatigue Test
One of the most essential characteristics of asphalt mixtures is fatigue resistance. Many

approaches were proposed to characterize this property, one of which is the simplified
viscoelastic continuum damage'Y&CD) model The strength of this model comes from the
fact that it was founded on mechanistic theories that allow engineers to incorporate material
properties directly into pavement structural analysis andtemg performance predictions. The
S-VECD model is desdred in detail inflUnderwoodet al.2012)

The primary outcome of the \ BECD model is the damage characteristicsreyC vs S).
The curve establishes the relationship between the damage developed within a s@toen,
which is pseudo stiffness. The importanc&€ajomes from the fact that it quantifies the
relationship between stress,and pseudo strailf, and starts from 1C of 1 represents the
intact state of the material that will reduce due to fatigue loading. The mechanical responses of
any asphalt material under different loading histories can be predicted oiiCedSe
relationship for that materiéd developeqdWang andim 2017) The pseudo stiffnes€) and
damage 9 are fitted to analytical forms for obtaining the damage characteristic curves for each
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mixture, as shown in Equati@B.2), which can then be used for predicting fatigue performance
(Kim, Underwood et al.2011)
1-C ¢, S= (2.2)

DR, the quantitative failure criterion, is the average reduction in pseudo stiffnéss
failure. The derivation of this criterion can be foundWang and Kim 2017and is defined as
the slope of cumulative {€) and the number of cycles to failut, DR can be calculated

utilizing Equation(2.3).

Ny

fA@- C)dN
DR = 0 9 (2.3)

Spp the cyclic fatigue index parameter, has the ability to consider both modulus and
toughness in its calculation. Those are the two primary factors that describe the pavement's
ability to absorb energy witut fracturing(Wanget al.2020) Spp was developed for situations
where engineers do not need detailed structural analysis to make effective decisions, and instead,
merely require an index parater that relates to the fatigue characteristics of the asphalt
mixtures.Sypp can be calculated as shown in Equaf@d), and the complete derivation
alongside the recommend&p, range values for different traffic thresholds can be found in

(Wanget al.2020)

o ¢,
R
v@ayaD™ 0

. o
_ ot 11+
S, =100C? I E‘i = (2.4)

In order to successfully characterize thR¥IBCD model, the cyclic fatigue test according
to AASHTO TP 133 should be conducted. This test is time consuming, and for it to be

performed successfully, it requires skilled technicians. That prevents usingsa moddel like
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the SVECD in the balanced mix design or the quality control process for produced asphalt

mixtures where many tests are required promptly.

2.5. Knowledge Gaps and Applications
Identifying the appropriate proportions of aggregate, asphalt bireddajmed/recycled

materials, and other additives and admixtures in asphalt mixtures is a crucial step to delivering
long-lasting and durable asphalt pavements. In North Carolina, this process is carried out using
volumetric design principles in combinatigvith gyratory compaction and moisture sensitivity
assessment. Within these basic elements, there are many potential ways for engineers to control
the composition and therefore performance of asphalt mixtures. For example, the design
compaction level cahe adjusted, which would increase or decrease the final design asphalt
content. However, these changes are not straightforward since many of the variables are
interactive. For example, if the design compaction effort decreases, it will take more asphalt
binder to achieve the design density; thus, it is possible that this change would lead to mixtures
with greater asphalt contents. However, this increase is only guaranteed if all other factors
remain the same. If a mixture designer elects to achieve thergeeapactability requirement

by adjusting gradation or asphalt source, it is also possible that changes in compaction effort
could decrease the selected asphalt content.

A substantial amount of research has been performed to best identify the methods to
combine asphalt binder with aggregate and create a durable asphalt mixture. To understand and
know the mixture design factors that need to be examined most closely after mixture design
changes are made requires an understanding of the following;

1 how voluméric factors affect the durability of asphalt mixtures,
1 how asphalt mixtures are currently designed,

1 efforts to adjust these designs using balanced mixture design approaches, and
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1 the changes in the design process that the State Highway Agencies (SklAs) ha
implemented over the years
The literature clearly shows that the volumetric composition of asphalt concrete mixtures
has a substantial effect on the resultant durability of these mixtures and therefore asphalt
pavements. It also shows that while thef$ecés are understood in a general sense, means of
completely controlling the volumetrics through mixture design specifications are lacking.
Engineers have adopted two methods to overcome this limitation; 1) mixture design tweaking
and 2) balanced mix degi (BMD). Of the two, BMD approaches have the benefit that the
properties of the mixture are directly evaluated and if using the simplest approach still retain the
engineering experience that is embedded in the limits to VMA, VFA, and air void content. The
benefits of the first approach are that additional testing and the associated burdens of laboratory
verification, proficiency, sampling, etc. do not exist. The challenge in approach one is ensuring
that expected changes in volumetric properties actuatlyrcand that the desired compositional
changes and requisite increases in material durability are achieved. This challenge represents a
substantial knowledge gap and although research like that in NCHRP Preécené 931
have identified general guiliiees, the review was unable to identify published literature that
examines how volumetric changes manifest after an agency implements design procedure
changes. In addition, the literature shows the need and the ab#gwfsimple ML methods
like ANN models that could be used by mixture designers to design balanced mixtures in a more
practical and less timeonsuming way, and by the department of transportation of different
states to flag whether a given mix predigpediformance is substantially difeat from historical

mixtures within the state and may warrant closer attention.
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CHAPTER 3. EVALUATION OF ASPHALT CONCRETE JOB MIX FORMULA
SPECIFICATION CHANGES

Identifying the appropriate proportions of aggregate, asphalt binder, reclaimed/recycled
materials, and other additives and admixtures in asphalt mixtures is a crucial step to geliverin
long-lasting and durable asphalt pavements. In North Carolina, this process is carried out using
volumetric design principles in combination with gyratory compaction and moisture sensitivity
assessment. Within these basic elements, there are manygatens for engineers to control
the composition and therefore performance of asphalt mixtures.

In this chapterNCDOT mix design data from the HICAMS database (North Carolina
Department of Transportation mixtures databasse harvested and analyzed. The job mix
formulas (JMFs) from the HICAMS database were compiled and compared over a span of 20
years, focusing on changes implemented over the years and their effects on volumetrics. The
analysis presented in thibapterinvestigated how these changes have affected asphalt mixture
designs with respect to compositiand highlighted the limitations of the volumetdnly mix

design.

3.1. Changes to the JIMF Specifications
The JMF specifications for the North Carolina Departmenftrahsportation (NCDOT)

were reviewed to identify any major changes introduced by the DOT bethegaar2000 and
2022. Specifically, thQuality Management System (QMS) for Asphalt Pavemesatsuals for
the year2000, 2001, 2008, 2009, 2010, 2011,20013, 2014, 2015, 2016, 2017, 2018, and
2022 weraeviewed It was found thathtree mairchanges werenacted by the NCDOT over the

past 20 yearwith the mosprominentchange being in 2018.
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Tablesl and2 show themix design requirements for tiyears 2000 to 2009 and 2010 to
2014 JMF specifications, spectively. The key changbstween these two requiremeintslude
thechanges to compaction levels, minimum VMahdthe VFA rangeNo changes were made
to the traffic levels or the binder grade satactfor each mix classificatiorhe compaction
levels were changed for the surface mixtures S9.5B, S9.5C, and S9.5D from (75, 100, 125) to
(65, 75, 100), respectivelin addition, he minimum VMA limits for those mix classificatien
were changed from 15 .5 with a slight modification to the VFA limit.owering the
compaction limits and increasing the minimum VMA limit is an effort to increase the binder
content for the designed mixtures. In later sections othapter, the effect of this change on
theresultant binder contents and VMA values of the produced mixtures between the years 2000
and 2014 will be presented and contrasted visuialiy worth noting that the only difference
between Table2 and3 (years 2014 and 2017 JMF specifications) is the S4.75A surface mix.
The S4.75A mix wasemoved from 2012, 2013, and 2014 JMF specificatiomgto appear

later in 2015 with newly defined specification limits.
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Table 1. Summary of NCDOT mixture designs and volumetric factors years 2000 to 2009.

Mix 20-Year Binder Compactior

Type Eﬁlﬁ#‘ss PG  Gumn@ VMA VTM VFA %G Max Rut
Grade Nini Ndes % Min. % Min.-Max. @Nni Depth(mm)

Volumetric Properties

S4.75A <0.3 6422 6 50 200 7.0-150 - -
50 16.0 3.05.0 70-80 HP1.5 11.5

SF9.5A <03 6422 6

S9.5B 0.3-3 6422 7 75 150 3.05.0 65-80 P00 9.5
S9.5C 3-30 7022 8 100 150 3.05.0 65-76 P00 6.5
S95D >30 7622 9 125 150 3.05.0 65-76 AP0.0 4.5
S12.5C 3-30 7022 8 100 140 3.05.0 6575 P00 6.5
S125D >30 7622 9 125 140 3.05.0 6575 »KR0.0 4.5
[19.0B <3 6422 7 75 130 3.05.0 6578 KP0.5 -
[19.0C 3-30 6422 8 100 130 3.05.0 6575 ’KR0.0 -
119.0D >30 7022 9 125 130 3.05.0 6575 ’KR0.0 -
B25.0B <3 6422 7 75 120 3.05.0 6578 KP0.5 -
B25.0C >3 6422 8 100 120 3.05.0 6575 ’KR0.0 -
B37.9C >3 6422 8 100 11.0 3.05.0 6575 >KB0.0 -

All Mix |Dust to Binder RatigP0.075/Ige) 0.6-1.4
Types| Tensile Strength Ratio (TSR)85% Min. (80% Min. for S4.75AB25.0 and B37.%

Table 2. Summary of NCDOT mixture designs and volumetric factors years 2010 to 2014.

; ; - Volumetric Properties
Mix ég:ﬁgr Binder Compactior P
Type _i-o PG Gm@ VMA VIM VFA  %Gnm Max Rut

Grade Nini Nges % Min. % Min.-Max. @ Nni Depth(mm)

S4.75A <0.3 6422 6 50 200 7.0-150 - - -
50 16.0 3.05.0 70-80 P1.5 11.5

SF9.5A <03 6422 6

S95B 0.3-3 6422 7 65 155 3.05.0 65-80 X005 9.5
S9.5C 3-30 7022 7 75 155 3.05.0 65-76 X005 6.5
S95D >30 7622 8 100 155 3.05.0 65-76 >K90.0 4.5
S12.5C 3-30 7022 7 75 145 3.05.0 6575 005 6.5
S125D >30 7622 8 100 145 3.05.0 6575 KP0.0 4.5
119.0B <3 6422 7 65 135 3.05.0 6578 0.5 -
19.0C 3-30 6422 7 75 135 3.05.0 6575 »90.0 -
19.0D >30 7022 8 100 135 3.05.0 6575 »90.0 -
B250B <3 6422 7 65 125 3.05.0 6578 0.5 -
B25.0C >3 6422 7 75 125 3.05.0 6575 »K90.0 -

All Mix |Dust to Binder Ratio (P0.075/& 0.6-14
Types| TensileStrength Ratio (TSR)|85% Min. (80% Min. for S4.75AB25.0 and B37.%
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Tables3 and4 show theprevious (2015 to 201'4nd thecurrent(2018to 2022)NCDOT
asphalt mixture desigtables, respectively. Key changes include the elimination of the SF9.5A,
S12.5C, S12.5D, 119.0B, 119.0D, and B25.0B mixtures. Other changes are highlighted in bold in
Table4 and include; changes to compaction levels, minimum VMA, the VFA range in S9.5B,
the use of PG 622 instead of PG 702 for S9.5C, and the specification of 119.0C and B25.0C
for all intermediate layer mixtures and all asphalt base mixturegatesgy. Though not shown
here, no changes were made to the aggregate consensus property requiaechémsecycled
content guidance was modified to reflect the RBR% (recycled binder replacement) instead of
RAP (reclaimed asphalt pavement) and RAS8yckd asphalt shingles) content. It is important
to notice that theurrents ur f ace A CO0 mi xtures haveO0OtliBe iBamMe
mixtures, but owing to the new traffic classification are now allowed on roadways with higher
cumulative ESALs Al so, the same applies to the new s
specificationasthep20 18 AAO0 mi xt ur e-2018 surface &giydtiot design, t he
(S9.5B/RS9.5B) mixture required Asphalt Pavement Analyzer (APA) rutting less.tham®
while the pos2018 surface 6§yration design (S9.5C/RS9.5C) mixture required APA rutting

less than 6.5 mm.
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Table 3. Summary of NCDOT mixture designs and volumetric factors- years 2015 to 2017.

Mix ég:;_asar Binder Compactior Volumetric Properties
Type miIIions: PG Gmm@ VMA VTM VFA %Gnm Max. Rut
Grade Nini  Ndes % Min. % Min.-Max. @ Ni Depth(mm)

S475A <1 6422 6 50 16.0 4.06.0 65-80 XO1.5 115
SF9.5A <03 6422 6 50 16.0 3.05.0 70-80 A91.5 115
S9.5B 0.3-3 6422 7 65 155 3.05.0 65-80 X90.5 9.5
S9.5C 3-30 7022 7 75 155 3.05.0 6578 X90.5 6.5
S95D >30 7622 8 100 155 3.05.0 6578 X90.0 4.5
S125C 3-30 7022 7 75 145 3.05.0 6578 X90.5 6.5
S125D >30 7622 8 100 145 3.05.0 6578 >K90.0 4.5
[19.0B <3 6422 7 65 135 3.05.0 6578 X00.5 -
19.0C 3-30 6422 7 75 135 3.05.0 6578 >K00.0 -
19.0D >30 7022 8 100 135 3.05.0 6578 >K00.0 -
25.0B <3 6422 7 65 125 3.05.0 6578 X00.5 -
B25.0C >3 6422 7 75 125 3.05.0 65-78 >K00.0 -

All Mix |Dust to Binder Ratio (P0.075/&
Tensile Strength Ratio (TSR

Types

0.6-1.4 (1.0 2.0 for S9.5A)

85% Min. (80% Min. for S4.75A and25.0)

Table 4. Summary of NCDOT mixture designs and volumetric factors- years 2018 to 2022.

20-Year Binder

Volumetric Properties

Mix Compactior
Type Eﬁ&';}ss GF:;G Gem@ VMA VIM _ VFA  %Gmm Max. Rut
Nini Ndes % Min. %  Min.-Max. @ Nni Depth(mm)

S4.75A <1 6422 6 50 16.0 4.06.0 6580 915 11.5
S95B 0-3 6422 6 50 16.0 3.050 7080 P15 9.5
S95C 3-30 6422 7 65 155 3.05.0 6578 >K90.5 6.5
S95D >30 7622 8 100 155 3.050 6578 >K90.0 4.5
119.0C ALL 64-22 7 75 135 3.05.0 6578 90.5 -
B25.0C ALL 6422 7 75 125 3.050 6578 X90.5 -
All Mix |Dust toBinder Ratio (P0.07549) 0.6- 1.4 (1.0i 2.0 for S9.5A)

Types | Tensile Strength Ratio (TSR), 85% Min. (80% Min. for S4.75A and B25.0)
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3.2. Methodology
3.2.1 Overview
The overall approach taken foetAnalysisconducted in this chaptes outlined inFigure

2. The process started by extractihg dob Mix Formula (JMF) datadm the Highway
Construction and Materials System (HICAM3$he main focusf the analysis was on the most
recent change since it was the most significant, therefore; the Years 2014 txtzé@@e JIMFs
were first classified under three main categories; mixes designed and used before the 2018
change, mixes designed before 2018 reclassified within the 2018 naming system, and mixes
designed after 2018. Mixes designed prior to 2018 were then mapped against their equivalent
mixes from the 2018 mix design change. Next, the JMFs were grouped according to region
(Coastal, Piedmonand Mountains) and NCDOT Division-(#). Comparisons of the

volumetric compositions were first carried between each mixture type (RS9.5B, RS9.5C, etc.)
within each category (pr2018, reclassified, or pe8018), and across each region. More

specific amlyses involving comparisons within single mixture suppliers¢atied pairwise
analysis) were also carried out. In all cases, visual as well as statistical comparisons for mixture
compositionwereperformed and summarized to draw conclusions forctiagpter In addition to
thatmain studya side study was conducted, under whiesensitivity of VMA calculatecnd
reportedvalues to the change the measwedaggregate bulk specific grayi{Gsy) valuesas well

as the effect of Nson the total aspltacontents of the mixturesas visually galuaedover the

span of twenty years.
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Figure 2. Comparison and classification methodologyoutline.

3.2.2 Job Mix Formula Selection and Data Filtering
The data used for the main studgluded all of the job mix formulas (JMFs) related to

years 2014 to 2020 as extracted from HICAMS. The data was limited to those years in an effort

to keep a balanced and representative statistical sample. In total, this data included 4670 JMFs

from 23 dfferent IMF typesas shown irmable5. The extracted data were categorized under one

of three categories as follows:
1) Before 2018 change: this category includedral JMFs that were present in
years 2014 through 2017 and were never reclassified to a 2018 JMF. It

represented 34.4% of the study data.
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2) Reclassified: included all the reclassified JMFs from the years 2018 through 2020.
These mixture designs were basedbftis from years 2002 to 2017. This
category represented 45.4% of the study data.

3) After 2018 change: this category included the new and never reclassified JMFs as
present in years 2018 through 2020. It represented 20.2% of the study data.

Table 5. Job mix formula categories and year distribution

Number of JMF by Category (Percent of JMF by Category)

JMF Year

Before 2018 Change Reclassified After 2018 Change Total
14 547 (11.7) 0 (0.00) 0 (0.00) 547 (11.7)
15 395 (8.5) 0(0.00) 0 (0.00) 395 (8.5)
16 312 (6.7) 0 (0.00) 0 (0.00) 312 (6.7)
17 352 (7.5) 0 (0.00) 0 (0.00) 352 (7.5)
18 0 (0.00) 2113 (45.3) 513 (11.0) 2626 (56.2)
19 0 (0.00) 7(0.1) 314 (6.7) 321 (6.9)
20 0 (0.00) 0 (0.00) 117 (2.5) 117 (2.5)
Total 1606(34.4) 2120 (45.4) 944 (20.2) 4670 (100.0)

It is important to note that the numbers showiiable5 were determined after
conducting a filtering and cleaning process. The reclassified mixes in 2018 data were identified
using the comment field. Then, the data was filtered based on thetasphaésign (AMD)
numbers. If the JMFs from the same AMD number were similar, one of them was kept and the
other discarded. If they were different, then both were kept in the dataset. This approach helped
reduce the bias from having the same compositialakes under different JIMF numbers. An
example of this case shown inTable6. AMD number 140004 was utilized for JIMF @004
151 and 14004251 and both of them were identical. In this case, only one was kept in the
database. As for AMD number D002, it was utilied to produce 20002131 and 14002
132 JMFs, which have different asphalt content in the RAP stockpile. As a result, both of these

JMF were retained in the database.
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Table 6. Asphalt mix design and job mix formula numbers.

JMF AC from AC in Addl. AMD RAP Total
RAP % RAP % Binder %  Number % AC %
14-0002131 1.2 55 4.6 14-0002 21 5.8
14-0002132 0.9 4.5 4.9 14-0002 21 5.8
14-0004151 1.1 4.5 3.2 14-0004 25 4.3
14-0004251 1.1 4.5 3.2 14-0004 25 4.3

In addition to the primary study data, the side stilahasebdf the effect of &, on VMA

and the impact of fgin On the asphalt content included the JMFs ftbayears 20Q to 2021,

as shown imable7. A total of 6440 JMFs were utilized for this study, with the majority of the

data being RS9.5C (35.22%ljxes followed by RS9.5B (26.6%) and RS9.5A (23.26%%es

Only 3.0% of the data wer RS9.5D mixtures.

Table 7. Job mix formula typesand year distribution for the side study.

Number of JIMF by Mix Type (Percent of JMF by Mix Type)

Year —RS9BA  RS9.5B  RS9.5B(2018) RS9.5C  RS9.5D Total
2001 18(0.28)  17(0.26) 0 (0.00) 19 (0.30) 0(0.00) 54 (0.84)
2002 101 (1.57) 83(1.29)  0(0.00) 52(0.81) 0(0.00) 236 (3.66)
2003 144 (2.24) 104 (1.61) 0 (0.00) 94 (1.46)  0(0.00) 342 (5.31)
2004 67 (1.04) 61(0.95)  0(0.00) 53(0.82) 0(0.00) 181 (2.81)
2005 58(0.90) 58(0.90) 0 (0.00) 53(0.82) 0(0.00) 169 (2.62)
2006 63(0.98) 77(1.20)  0(0.00) 42 (0.65) 0(0.00) 182 (2.83)
2007 76(1.18) 92(1.43)  0(0.00) 55(0.85) 0(0.00) 223 (3.46)
2008 47(0.73) 52(0.81) 0 (0.00) 47 (0.73) 0(0.00) 146 (2.27)
2009 86(1.34) 41(0.64)  0(0.00) 64 (0.99) 8(0.12) 199 (3.09)
2010 25(0.39) 143(2.22) 0(0.00) 162 (2.52) 20(0.31) 350 (5.43)
2011 98(1.52) 174(2.70)  0(0.00) 129 (2.00) 22(0.34) 423 (6.57)
2012 255(3.96) 261(4.05) 0(0.00) 181 (2.81) 11(0.17) 708 (10.99)
2013 151 (2.34) 169 (2.62)  0(0.00)  135(2.10) 6(0.09) 461 (7.16)
2014 105(1.63) 143(2.22) 0(0.00)  100(1.55) 7(0.11) 355 (5.51)
2015 86(1.34) 91(1.41)  0(0.00) 57 (0.89) 6(0.09) 240 (3.73)
2016 53(0.82) 60(0.93)  0(0.00) 46 (0.71) 9(0.14) 168 (2.61)
2017 65(1.01) 82(1.27)  0(0.00) 71(1.10) 5(0.08) 223 (3.46)
2018 0(0.00)  3(0.05) 587 (9.11) 705(10.95) 11(0.17) 1306 (20.28)
2019 0(0.00) 0(0.00)  63(0.98)  79(1.23) 19(0.30) 161 (2.50)
2020 0(0.00)  1(0.02)  73(1.13)  83(1.29) 69 (1.07) 226 (3.51)
2021  0(0.00) 1(0.02)  39(0.61)  41(0.64) 6(0.09) 87 (1.35)
Toml 1498 1713 762 2268 199 6440
(23.26) (26.60) (11.83) (35.22)  (3.09)  (100.00)
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3.2.3 Mapping old IMF Mix Types
In the 2018 NCDOT QMS manual, base and intermediate layers mix types were

consolidated into two designations, 119.0C/RI119.0C and B25.0C/RB25.0C. Mix types
SF9.5A/RS9.5A and all 12.5 mm nominal maximum aggregate size mixes were eliminated. Mix
S9.5B/RS9.5Bhad different compaction levels, traffic levels, minimum VMA, and VFA range
comparedo the S9.5B/RS9.5B mixes in previous years. As a result, and in order to conduct a
successful comparison, there was a need to remap the old JMF types to their equevalent
types as introduced by the 2018 QMS manual. The mix type as defined under the 2018
reclassified JMF was compared to its previous type as presented in its equivalent year data. In
other words, a 2018 reclassified S9.5B JMF was found to be equivatBet$8.5A 2014 JMF.

Table8 presents the reclassification process for the 2014 through 2017 mixes that serve
as 2018 mixes under the new specifications. As showheitable, the base and intermediate
| ayer fAB mixesdo were recl asi0fliBed utrd aax e2 GiJA8 mii
were reclassified to ser v201a8& swerwf addBe nfi B ersiox ens
reclassi fied t oorthmentioning thatthe rew B mixtures haveghe same
specification as the pi2018 A mixtures, but are now allowed on roadways with higher
cumulative ESALs. Thepi2 018 A A mi x0 was considered for tr

ESALs whi IBe nihxed niesw cionsi dered for traffic | ev

32



Table 8. Old vs new mix types as presented under the reclassification process

Mix Type-2018

Pre-2018 Mix
S9.5B RS9.5B

Type B25.0C 119.0C RB25.0C RI19.0C (2018) (2018) S9.5C RS9.5C Total
B25.0B 6 0 0 0 0 0 0 0 6
RB25.0B 0 0 166 1 0 0 0 1 168
119.0B 0 12 0 0 0 0 0 0 12
R119.0B 0 0 0 204 0 0 0 0 204
SF9.5A 0 0 0 0 10 0 0 0 10
RSF9.5A 0 0 0 0 1 205 0 0 206
S9.5B 0 0 0 0 0 0 9 0 9
RS9.5B 0 0 0 0 0 0 0 247 247

Total 6 12 166 205 11 205 9 248 862

The final counts per mix type for timeain studydata is shown ifable9. This table
shows 15 different mix types. It is interesting to note that the removed R119.0D, RS12.5C, and
RS12.5D from the 2018 specifications only formed 72 JMFs out of 1606 extracted JMFs
(representing less than 5% of all mix designs).

Table 9. The final research study considered mix types and JMF categories

Number of JMF by Category (Percent of JMF by Category)

Mix Type Before 2018 Change Reclassified After 2018 Change Total
B25.0C 8 (02 41 (09) 4 (01) 53 (1.1)
RB25.0C 296 (6.3) 395 (85) 192 (4.1) 883 (18.9)
119.0C 15 (0.3) 60 (13) 15 (0.3) 90 (1.9)

R119.0C 367 (79) 458 (9.8) 175 (38) 1000 (21.4)
R119.0D 49 (11) 0 (0.00) 0(0.00) 49 (11)
RS12.5C 15 (0.3) 0 (0.00) 0 (0.00) 15 (0.3)
RS12.5D 8 (02 0 (0.00) 0 (0.00) 8 (02
S9.5B(2018) 9 (02 55 (12) 12 (03) 76 (1.6)
RS9.5B(2018) 181 (39) 479 (103) 178 (3.8) 838 (17.9)
S9.5C 30 (0.6) 60 (13) 12 (03) 102 (22)
RS9.5C 482 (10.3) 569 (122) 210 (4.5) 1261 (27.0)
S9.5D 2 (0.0) 3(01) 8 (02 13 (03)
RS9.5D 41 (09) 0 (0.0) 47 (1.0) 88 (19)
S4.75A 10 (0.2) 0 (0.0) 16 (0.3) 26 (06)
RS4.75A 93 (2.0 0 (0.00) 75 (1.6) 168 (3.6)

3.2.4 Division and RegionsConsidered in Analysis
The mix design supplier was identified according to the county where they were located.

Then, where possible, the JMFs were clustered according to both NCDOT divisions and
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statewide regions fdhe statistical analysis process. Thauoties considered under each division
were as follows:

1) Division 1: Camden, Gates, Martin, Hyde, Dare, Tyrrell, Washington, Bertie,
Chowan, Perquimans, Currituck, Pasquotank, Northampton, and Hertford.

2) Division 2: Beaufort, Pitt, Greene, Lenoir, Cartedetnes, Craven, and Pamlico.

3) Division 3: Pender, New, Hanover, Brunswick, Onslow, Sampson, and Duplin.

4) Division 4: Wilson, Wayne, Johnston, Edgecombe, Nash, and Halifax.

5) Division 5: Wake, Franklin, Durham, Granville, Vance, Warren, and Person.

6) Division 6: Harnett, Robeson, Columbus, Bladen, and Cumberland.

7) Division 7: Orange, Alamance, Guilford, Caswell, and Rockingham.

8) Division 8: Chatham, Moore, Hoke, Scotland, Richmond, Montgomery, Lee, and
Randolph.

9) Division 9: Rowan, Davidson, Davie, Forsyth, and Stokes

10) Division 10: Union, Cabarrus, Anson, Mecklenburg, and Stanly.

11) Division 11: Wilkes, Caldwell, Avery, Yadkin, Watauga, Surry, Ashe, and
Alleghany.

12) Division 12: Iredell, Gaston, Cleveland, Lincoln, Catawba, and Alexander.

13) Division 13: RutherfordBuncombe, McDowell, Burke, Madison, Yancey, and
Mitchell.

14) Division 14: Jackson, Transylvania, Macon, Cherokee, Clay, Henderson, Polk,
Graham, Haywood, and Swain.

While the considered counties under each region were as follows:
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1) Mountains: Alleghany, Ash&Vilkes, Watauga, Avery, Caldwell, Burke,

Mitchell, Yancey, McDowell, Madison, Buncombe, Rutherford, Polk, Henderson,
Haywood, Transylvania, Jackson, Swain, Macon, Graham, Clay, and Cherokee.

2) Piedmont: Surry, Stokes, Yadkin, Alexander, Iredell, Catawbaolip Gaston,
Cleveland, Davie, Forsyth, Davidson, Rowan, Cabarrus, Mecklenburg, Union,
Stanly, Rockingham, Guilford, Randolph, Montgomery, Anson, Moore,
Richmond, Lee, Chatham, Alamance, Orange, Durham, Caswell, Person,
Granville, Vance, Wake, Warren, aRdanklin.

3) Coastal Plains: Johnston, Beaufort, Bertie, Bladen, Brunswick, Camden, Carteret,
Chowan, Columbus, Craven, Cumberland, Currituck, Dare, Duplin, Edgecombe,
Edgecombe, Gates, Greene, Halifax, Harnett, Hertford, Hoke, Hyde, Jones,
Lenoir, Martin, Nash, New Hanover, Northampton, Onslow, Pamlico,
Pasquotank, Pender, Perquimans, Pitt, Robeson, Sampson, Scotland, Tyrrell,

Washington, Wayne, and Wilson.

3.2.5 Suppliers Utilized for Pair-Wise Comparisons
Mix groupings by supplier were utilized to evaluate thferkences in mix designs

composition. For comparisons, all the suppliers that produced specific JMFs at different traffic
levels before and after the 2018 change were grouped and considered in the analysis. However,
since mix composition for the same JMfpe is not traffic level dependent, limited selected
suppliers were utilized in the analysis. The suppliers were selected in a way to ensure that they
produced the evaluated JMF type in statistically representative quantities in terms of numbers of
mix designs before and after the changigure3 shows the selected JMF types for the

comparison along with the number of suppliers produced those JMFs. For examplepdMF ty
RB25.0C was produced by 43 different suppliers out of which only five produced it before and
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after the change in comparable quantities; thus, only these five suppliers were used for detailed
analysis. The same rule applies to the different IMF typegrsimothe figure. It is important to
note that supplier names were kept anonymous even during the research project meetings and are

not specified within this report or its appendices.

‘ RB25.0C ‘ ‘ RI19.0C ‘ RS9.5B(2018) ‘ RS9.5C ‘ ‘ RS4.75A ‘
| | Suppliers | | Suppliers | | Suppliers | | Suppliers | | Suppliers
available= 43 available= 45 available= 44 available= 55 available= 24
| | Suppliers | | Suppliers | | Suppliers | | Suppliers | | Suppliers
used=5 used=4 used=5 used= 10 used= 2

Figure 3. Supplier numbers utilized for the selected JMFs composition comparisons.

3.3. Findings
3.3.1 Overview
The findings of tis chaptemwere mainly based on detailed comparisons. Comparisons

relied on visual judgments (comparing the mean values visually from figures) as well as
statistical testingFigure4 shows the comparison structure followed to draw the research
conclusions. The two aspects used for evaluation thierenain study of theixture

composition ad the side study for the sensitivity of VMA and hafi content to the change in
Gsband Niesgn. Under mixture compositiomsain study the change in typical volumetric

properties, i.e., VMA, VFA, and AC content, as well as the change in the RBR wanatedah
terms of mean and distribution. The evaluation was conducted by looking at different mix types,
regions, and suppliers. Fihre side studythe asphalt contents for a given mix type were

compared at different dkignlevels over the span of twenggars In addition, the VMA

distribution change due to changing the calculated/&@ues at a given {dsignwas presented and

discussed for a given mix type
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Mixture
Comparisons

Main Study Side Study
2014 to 2020 JFMs 2001 to 2021 JFMs
. Recycled Binder Effect of G, on Nijesyin Impact on
Volumetric s
Replacement VMA the AC Content
VMA, VFA, AC RAP. RAS [Jiﬁ‘"_c_rcnl Mix Diff_crcnt Mix
T'ypes Types
Different Mix Types ”‘fé"m.“‘ Mix Different Mix Types Different Mix
egions Regions
Pair-wise Supplier Volumetric Analysis

Comparison

Figure 4. Utilized comparison structure.

3.3.2 Mixture Composition Main Study
3.3.2.1 Comparisons between Different Mix Types and Regions

The volumetric parameters of VMA, VFA, and total asphalt content (AC) were compared
across regions and mix types before and after the 2018 change. Changes were evaluated by first
starting to look at the JMF within different regions, and then each JMF type alone was examined,
and finally each JMF was examined within each region (when sufficient data were available).
The St dabtevastufiized ds the statistical test for thiglgsis.When conducting the
St u d etests,dsly two different levels were considered, before and after the 2018 change.

The folded formofthe Bt at i sti ¢ was computed to test for
In the case of unequal varianct®e degrees of freedom, as well as the probability level, were
calcul ated based on Satterthwaiteds approxi ma
thethreshold of statistical signicance.

Figure5 shows the change of VMA between different regions for each JMF category.

VMA is considered one of the most important asphalt volumetric properties and is affected by
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aggregate gradation, biadcontent, and compaction levéhe data in this figure shows that
before the 2018 change, the average VMA was consistent across all three regions of the state.
However, after the change, the average VMA was higher in the Mountain region compared to the
Piedmont and Coastal regiofi$is regional difference as well as the differences before and after
the 2018 change is relatively small, especially considering the variation across the mixture types
in the regionFigures 6 through8 show the changes in VMA for each mix type.

When interpreting the data shownFigures6t through8, it is important to keep in mind
the remapping embedded within thdF designationsSection3.3.2.2provides detailed
comparisons with respect to the volumetrics of mixtures used under equivalent traffic conditions
before and after the 2018 chanjeo b et t er understand the fAl. Bef c
in Figures6 through8, tables showing the number of JMFs according to old namine2(i@
change) that are includevithin the new naming shown in the figures (after 2018 change) were
developedTables10and11 show the distribution of before 2018 change mix types considered
in the analysis for surface mixtures and the combination of base and intermediate mixtures,
respectively. For exampl&able10 shows that the pf2018 change series for RS9.5B(2018)
(Figure8) contains 181 different RSF9.5A mixtures thateveesigned pr2018 change. Also, it
shows that the pr2018 change series for RS9.9€gure8) is a combination of 213 RS9.5B
and 269 RS9.5C mixtures that were deeitjpre2018 change. This approach to grouping the
mi xXturebs was taken for the analysis results
mixtures have essentially the same specificationasthi2prd 8 A BO0 mi xt ur es, but
allowed on roadwaywith higher cumulative ESALSs. Also, the same applies to the new surface
ABO mi xtures that have -20086A mitareseThesppedcli8f ificAat i on

mi X0 was applicable to traffic |evels |l ess th
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applicable to traffic levels between 0 and 3 million ESALSs. In the next section, direct

comparisons of surface mixture volumetrics based on the applicable traffic levels is presented.

24 X
22 - X
20

18 -

VMA %

16 -

14 -

12 | | |
Mountains Piedmont Coastal Plains

Regions

JMF Category
® 1.Before 2018 Change O 2.Reclassified ® 3.After 2018 Change

Figure 5. Change of VMA betweendifferent regions for each JMF categorycombined
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Figure 6. Change of VMA in base mixes for each JMF category (*Refer tdable 11 for
counts details).
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Figure 7. Change of VMA in intermediate mixes for each JMF category (*Refer ta'able 11
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Change of VMA in surface mixtures for each JMF category (*Refer tarable 10
for count details).
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Table 10. Distribution of Before 2018 Change mix types considered in the analysis for
surface mixtures.

Pre-2018 Mix Type (Counts)

Mix Type-2018

A S9.5 RS9.5
(Used in Figures) SF9.5A B C D S4.75A RSF9.5A E C D RS4.75A
S9.5B(2018) 9 0O 0 O 0 0 0 0O O 0
S9.5C 0 10 20 O 0 0 0 0 O 0
S9.5D 0 0O 0 2 0 0 0 0 O 0
S4.75A 0 0O 0 O 10 0 0 0 O 0
RS9.5B(2018) 0 0O 0 O 0 181 0 0 O 0
RS9.5C 0 0O 0 O 0 0 213 269 O 0
RS9.5D 0 0O 0 O 0 0 0 0 41 0
RS4.75A 0 0O 0 O 0 0 0 0O O 93
Total 9 10 20 2 10 181 213 269 41 93

Table 11. Distribution of Before 2018 Change mix types considered in the analysis for base
and intermediate mixtures.

Pre-2018 Mix Type (Counts)
B25 119.0 RB25 RI119.0

Mix Type-2018
(Used in Figures)

B C B C B C B C

B25.0C 3 5 0O O 0 0 0 0

119.0C 0O O 8 7 0 0 0 0

RB25.0C 0O O 0O O 124 172 0 0
R119.0C 0O O 0O O 0 0 152 215
Total 3 5 8 7 124 172 152 215

Further analysis and statistical testing were conducted on the basis of mix designation
and the results are shownTiable12. Most of the average mean differences in the VMA were
less than 0.5 percent with the highest being around 0.9 percent. Even though some of those
differences were statistically significant, all differences were less than one percent, which make
those diffeences unsubstantial from an engineering point of view, i.e., a mean difference of 0.26
percent for the RS9.5B (2018) mix is expected to yield no notable change in performance even if
it is statistically significant. Since some of the evaluated meaneliites were statistically
significant but not practically significant, the different mix types within each region were
evaluated before and after the 2018 change. This was done to further evaluate the practical and

statistical significant of differences iraged by the specification changes. As showhainle13,
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all the evaluated differences are regarded as unsubstantial from a practical engineering
perspective.

Table 12. VMA variable student t-test results for each mix type.

Mean Difference Mean Variance Test t-test Results
JMF with Higher

Mix Type  Difference Value Pr > |F| t-test Method DF Pr > |t| Sig.?
B25.0C -0.9250 After 2018 Change 0.2802 Pooled 10 0.1127 No

RB25.0C 0.1102 Before 2018 Change 0.0118 Satterthwaite 340 0.0318 Yes
119.0C 0.2690 Before 2018 Change 0.4924  Pooled 27 0.2044 No

RI119.0C 0.0229 Before 2018 Change 0.0029 Satterthwaite 397 0.6309 No
S9.5B(2018) 0.1091 Before 2018 Change 0.6449  Pooled 18 0.8437 No
RS9.5B(2018) -0.2571 After 2018 Change 0.9943 Pooled 347 0.0035 Yes

S9.5C 0.2309 Before 2018 Change 0.3740 Pooled 39 0.4286 No
RS9.5C -0.0570  After 2018 Change 0.0016 Satterthwaite318 0.3648 No
S9.5D -0.0625  After 2018 Change 0.4331  Pooled 8 0.9257 No
RS9.5D -0.2061  After 2018 Change 0.0718 Pooled 83 0.1342

S4.75A 0.2087 Before 2018 Change 0.0539 Pooled 24 0.6822 No

RS4.75A 0.2232 Before 2018 Change 0.3695 Pooled 163 0.2130 No

A similar analysis was conducted for both VFA and asphalt content (AC). Like the
analysis for VMA, the results suggested that mixes among different regions had an almost
similar average value of VFA and AC before the change while after the change thaik®unt
had slightly higher average values of both. This result was in line with what was found for VMA
analysis. The figures and tables related to these volumetric properties are presé&pjeshdix

A.
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Table 13. VMA variable student t-test results for each mix type within each region.

Mean Variance Test t-test Results

Mix Type* Region Diffl\gss:cé Pr> |F| t-test Method DF Pr>|t| Sig.?
B25.0C Mountains -1.6667 <.0001 Satterthwaite 5 0.0023 Yes
Coastal 0.2609 0.0599 Pooled 204 0.0002 Yes

RB25.0C Mountains -0.5694 0.6213 Pooled 35 0.0610 No
Piedmont -0.2093 0.5430 Pooled 228 0.0022 Yes

Coastal 0.2067 0.0855 Pooled 12 0.3901 No

119.0C Mountains -0.3700 0.5753 Pooled 5 0.4068 No
Piedmont 0.1750 0.3817 Pooled 6 0.6515 No

Coastal -0.0145 0.0424 Satterthwaite 204 0.8192 No

RI119.0C Mountains 0.0725 0.0109 Satterthwaite 38 0.7238 No
Piedmont -0.1795 0.2120 Pooled 277 0.0100 Yes

Coastal -0.0700 0.5969 Pooled 5 0.9192 No

S9.5B(2018) Piedmont -0.6200 0.3110 Pooled 8 0.2256 No
Coastal -0.5414 0.2464 Pooled 149 <.0001 Yes

RS9.5B(2018 Mountains 0.2133 0.7653 Pooled 22 0.6094 No
Piedmont -0.3055 0.3371 Pooled 172 0.0123 Yes

Coastal 0.4400 0.4806 Pooled 8 0.3828 No

S9.5C Mountains -0.0333 0.1557 Pooled 3 0.9495 No
Piedmont -0.0217 0.5710 Pooled 24 0.9677 No

Coastal 0.0638 0.1662 Pooled 234 0.5316 No

RS9.5C Mountains -0.1857 0.7164 Pooled 58 0.3044 No
Piedmont -0.2478 0.3774 Pooled 376 0.0009 Yes

S9.5D Piedmont 0.2667 0.2480 Pooled 6 0.6480 No
Coastal -0.0470 0.4854 Pooled 20 0.8724 No

RS9.5D Mountains -0.6889 0.9706 Pooled 9 0.3019 No
Piedmont -0.1536 0.3754 Pooled 50 0.3432 No

S4.75A Mc_)untains 2.3905 0.8547 Pooled 8 0.0149 Yes
Piedmont -0.2625 0.4661 Pooled 10 0.6266 No

RS4.75A Qoastal 0.3284 0.1410 Pooled 105 0.1695 No
Piedmont -0.1580 0.9802 Pooled 48 0.5684 No

*Negative if IMFs after 2018 change had higher average mean value.
*Comparisons were only performed by mix type and region when at least three different mixes for the mix type in
the region were available before and after the change.

3.3.2.2 Comparisons of Surface Mixtures at Different Equivalent Single Axle Load (ESAL)

The prevwous comparisons were conducted considering the mixture remapping introduced
by the 2018 change, i.e., the specification 0f20&8 change RS9.5B mixture is the same as the
specification of pos2018 change RS9.5C mixture. However, RS9.5B and RS9.5C were

specified to serve under two different traffi
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same specificationasthe 2e0 18 ABO mi xtures, but are now al

cumulative ESALSs. To further assess the differences invokelebypecification changes, if
any, additional comparisons at three different traffic levels were conducted by comparing pre
2018 to posR018 mixture types at specific traffic levels as follows:

1) Less than 0.3 million ESAL: Py2018 SF9.5A vs pos2018 S9.582018)

2) From 0.3 to 3 million ESAL: Pr018 S9.5B vs post018 S9.5B(2018)

3) From 3 to 30 million ESAL: Pr2018 S9.5C vs pog018 S9.5C

Figures9, 10, and11 show the comparison results for traffic levels less the 0.3 million

ESAL, between 0.3 and 3 million ESAL, and between 3 and 30 million ESAL respectively. In
addition,Tablel4s h o ws t h e-teshresults tomthe 8asne ¢omparisdfigure9 shows
that there is almost no difference in the mean value of VMA for surface nexilaeed on
roadways with less than 0.3 million ESALs. Fradmiblel14, the mean difference in VMA
observed is 0.17, which is statistically significant, but its magdgita not practically significant.
Figure10shows that the mean VMA value for surface mixes placed on roadways with between
0.3 and 3 million ESALs was higher aftee 2018 change (RS9.5B(2018) versus RS9.5B pre
2018 change This mean VMA difference of 1.37 was found to be statistically significant as
shown inTable14. Since tie VMA change was statistically significant, it is also worth noting
that on average the mean asphalt content has increased by 0.70% for3thelba ESALS
roadways (see detailed analysiAimpendixA). There was almost no difference in the mean
VMA v alue for the surface mixes to be placed on roadways with traffic volumes between 3 and
30 million ESALSs as shown iRigurell FromTablel4, the difference was found to be

statistically insignificant. A similar analysis was conducted for both VFA and AC. The results
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were in line with what was found for VMA analysis. The figures and tables related to these

volumetric properties are presentadAppendixA.
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Figure 9. Change of VMA in surface mixturesspecified for roads withless than 0.3 million

ESAL.
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Figure 10. Change of VMA in surface mixturesspecified for roads with betweer0.3and 3
million ESAL.

45



26

22~

VMA %
)
(=}
T

T o owm e

14

S9.5C RS9.5C

Mix Type

IJMF Category ® 1.Before 2018 Change ™ 3.After 2018 Changel

Figure 11. Change of VMA in surface mixturesspecified for roads with betweer8 and 30
million ESAL.

Table 14. VMA t -test results for surface mixtures at different ESAL levels.

C-Iz;rtzfggry JMF Type Difference” Pr > |F| DF Pr>|t| Sig.?

RSF9.5A vs

< 0.3 Million RS9.5B(2018
ESALs SF9.5A vs

S9.5B(2018)

0.17 0.9521 562.0000 0.0270 Yes

-0.20 0.5094 29.0000 0.6676 No

RS9.5B vs
0.3 3 Million RS9.5B(2018 1.37 0.0010 271.5067 <.0001 Yes
ESALs S9.5B vs
S9.5B(2018) 1.35 0.1161 29.0000 0.0002 Yes
RS9.5C vs
37 30 Million RS9.5C(2018 0.04 0.0112 409.0958 0.5141 No
ESALs S9.5C vs

S9.5C(2018) -0.35 0.3162 30.0000 0.2470 No

*Negative if IMFdefore2018 change had higher average mean value.

3.3.2.3 Pair-wise Supplier Comparisons Studetést

Mix groupings by supplier were conducted as discussed under the methodology section.
Supplier names were kept anonymous even during the reseaetings and presetions.

VMA, VFA, and total AC content for RB25C, RI19C, RS4.75A, RS9.5B(2018), and RS9.5C
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were evaluated for the selected number of suppliers JMFs before and after the change. As shown
in Tablel5almost all of the average mean differences for the pre anepb8tmix design

changes in terms of VMA were less than 0.2 percent with the highest being 1.0 percent. Even
though some of those differences were statisticadlyificant, all differences were less than one
percent, which make those differences practically insignificant. The analysis tables for the VMA,
VFA and total AC contents led to similar conclusions and are presenfggbandixA.

Table 15. Selected suppliers VMA ttest results for RS9.5C JMF type.

Supplier JMF Difference” Pr > |F| Variances tValue DF  Pr>|f Sig.?
Code Type
AS-15 RS9.5C  -0.1333 0.7647 Equal -0.6860 4 0.5304 No
AS-21 RS9.5C 0.1167 1.0000 Equal 0.3531 7 0.7344 No
AS-40 RS9.5C -0.1000 <.0001 Unequal -0.1176 2 0.9171 No
AS-45 RS9.5C -0.1611 0.7964 Equal -1.0955 11  0.2967 No
AS-60 RS9.5C 0.4222 0.2310 Equal 1.7307 12 0.1091 No
AS-92 RS9.5C  -1.0000 0.3491 Equal -3.3845 9 0.0081 Yes
AS-130 RS9.5C -0.7533 0.3265 Equal -1.8073 6 0.1207 No
AS-135 RS9.5C 0.0534 0.8447 Equal 0.7499 25  0.4603 No
AS-141 RS9.5C -0.1714 0.5300 Equal -1.2932 18 0.2123 No
AS-153 RS9.5C 0.1667 0.9143 Equal 0.8452 4 0.4456 No

*Negative if IMFs after 2018 change Hagher average mean value.

3.3.3 Recycled Binder ReplacemenmMain Study
3.3.3.1 Classification and Distribution among Mix Types and Regions

In the 2018 QMS manual, the recycled content guidance was modified to RBR% instead
of RAP and RAS contents. While examining tix&&cted data, inconsistent naming of the mixes
containing recycled bindevas noticedSome of the RAP mixes that contained fractionated RAP
included entries in both the RAP and RAS asphalt content fields. The AC from RAS and in some
casesfrom fine or oarse RAP was placed in the other AC field in the HICAMS database. To
overcome these inconsistencies, a classification algountasnappliedand a new recycled

material classification fieldvas addedo themain studyesearch database as follows:
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1) Fractonat ed RAP Mi x (fine RAP was identi fi
AC content indicated was less than 8%)

2) RAP Mix

3) RAP/RAS Mix

4) RAS Mix

5) Virgin Mix

The distribution of the recycled material classification among surface, intermediate, and

base mixes fore study datés shown inTable16. From this table, it may be concluded that the
majority of the mixes contained RAP (61.4%), the highest proportion of these faicesuixes,
and that the RAP/RAS mixes are used more than fractionated RAP mixes (18.5% vs 11.0%).
Finally, only 7.7% of the mixes in the database had neither RAP nor RAS. In other words, the
majority of the designed and constructed mixes (92.9%) in #ie 8t North Carolina contained
recycled binder.

Table 16. Distribution of recycled material classification among different mix types.

Number of JMF by Category (Percent oftotal JMF s by

Recycled Material Category)
Classification Intermediate Surface
Base Mix Mix Mix Total
Fractionated RAP Mix 93 (2.0 154 (3.3 267 (5.7 514 (11.0)
RAP Mix 608 (13.0 672 (14.5 1589 (34.0 2869 (61.4
RAP/RAS Mix 173 (3.7 216 (4.9 474 (10.2 863 (18.5
RAS Mix 9 (0.2 7(0.2 48 (1.0 64 (1.9
Virgin Mix 53 (1.0 90 (1.9 217 (4.3 360 (7.3
Total 936 (20.0 1139 (24.4 2595 (55.6 4670 (100)

Figure12 shows the distribution of recycled material mixes among the main three regions
within North Carolina. Noffractionated RAP only mixtures are most prevalent in all regions. In

the Coastal Plas and Mountains region, the RAP/RAS mix tyypes thesecond most common
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and in the Piedmonit was the fractionated RAP mix type. It can also be seen that mixtures

containing only RAS were confined to the Coastal Plains region.

100% —
80% 4 74.0%
_E 60% | 60.9% 55.7%
S
& 40% - 32.8%
20% | 18.9@ 19‘1%13.6%
2.29% 9% o o \s g 0.1% 62% 3.0% 3.6% 4.9%
0% — — 2z e N |
Mountains Piedmont Coastal Plains
Regions
RBR JMF Type

B RAP Mix Fractionated RAP Mix RAP/ RAS Mix
PV RAS Mix SN Virgin Mix

Figure 12 Distribution of recycled material classification among different regions.
3.3.3.2 Distribution among Different Divisions
The geographical distribution of the RBR in JMFs is showFaible17. Mixtures are

separated according to whether they are a RAP mix (containing only a single RAP stockpile in
the mixture), fractionated RAP mix (including a fine and coarse RAP stockpile) RASPhix
(containing both RAP and RAS), RAS mix (containing RAS only), or virgin mix (having no
recycled content). Division 5 (Wake, Franklin, Durham, Granville, Vance, Warren, and Person
counties) had the highest presence of the RAP modified mixes at&®%hile Division 10

(Union, Cabarrus, Anson, Mecklenburg, and Stanly counties) ranked the highest in the presence
of fractionated RAP mixes at a rate of 4.1%. The highest presence of RAP/RAS and RAS mixes
was in Division 1 (Camden, Gates, Martin, HyBaye, Tyrrell, Washington, Bertie, Chowan,
Perquimans, Currituck, Pasquotank, Northampton, and Hertford counties) at rates of 3.5% and

0.8%, respectively.
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The effect of the introduced changes in year 2018 on the distribution of the RBR
modified JMFs was aluated for each type of RBR modification separately as shoWwalkes
18, 19, 20, and21 for RAP, fractionated RAP, RAP/ RAS, and RAS modifieckes
respectively. It is interesting to note that Division 1 is one of the divisions that showed
substantial changes in the RBR distributions pegsus pos018. For instance, RAP mixes
have the highest presence after the 2018 change in Divisiosd,. RAP/RAS and RAS mixes
jumped from 2.3% and 6.3% to 11.4% and 34.4%, respectively after the 2018 change. Finally,
before the 2018 change, Division 1 did not have any fractionated RAP mixes while after the
change, four new JMFs were utilized. It is warikntioning that within the 14 Divisions, only
Divisions 1, 2, 4, and 8 had RAS mixes.

Table 17. RBR Job mix formulas distribution by divisions.

Number of JMF by Division (Percent oftotal JMFsin NC by Division)

Divisions . Fractionated RAP/ RAS : Unmodified
RAP Mix RAP Mix Mix RAS Mix Mix
Division 1 231 6.0%) 4 (01%) 161 (35%) 36 (08%) 14 (0.3%)
Division 2 204 (44%) 1 (0.0%) 145 (3.1%) 2 (0.0%) 25 (0.5%)
Division 3 122 (2.6%) 15 (0.3%) 66 (1.4%) 0 (0.0%) 3 (01%)
Division 4 166 (36%) 26 (06%) 95 (2.0%) 19 (0.4%) 4 (01%)
Division5 321 (69%) 131 (2.8%) 58 (1.2%) 0 (0.0%) 28 (0.6%)
Division 6 143 (31%) 0 (0.0%) 42 (0.9%) 0 (0.0%) 30 (0.6%)
Division 7 217 (47%) 16 (0.3%) 109 (2.3%) 0 (0.0%) 11 (0.2%)
Division 8 154 (3.3%) 81 (1.7%) 83 (18%) 3 (01%) 27 (06%)
Division 9 224 (4.8%) 3 (01%) 42 (0.9%) 0 (0.0%) 1 (0.0%)
Division 10 239 (5.1%) 191 (41%) 19 (0.4%) 0 (0.0%) 39 (0.8%)
Division 11 234 (5.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 44 (0.9%)
Division 12 181 (39%) 19 (0.4%) 0 (0.0%) 0 (0.0%) 15 (0.3%)
Division 13 184 (3.9%) 0 (0.0%) 30 (0.6%) 0 (0.0%) 20 (0.4%)
Division 14 130 (28%) 15 (0.3%) 3 (01%) 0 (0.0%) 82 (18%)
Out of State 119 (26%) 12 (03%) 10 (0.2%) 4 (01%) 17 (04%)
Total 2869 (61.4%) 514 (11.0%) 863 (185%) 64 (14%) 360 (7.7%)
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Table 18. RAP job mix formulas distribution by divisions before and after 2018 change.

Number of JMF by Division (Percent oftotal JMFsin NC by Division)

Divisions RAP Mix RAP Mix RAP Mix
Before 2018 Change Reclassified After 2018 Change
Division 1 32 (1.1%) 100 (35%) 99 (35%)
Division 2 79 (28%) 72 (2.5%) 53 (19%)
Division 3 50 (1.7%) 48 (1.7%) 24 (0.8%)
Division 4 62 (22%) 59 (21%) 45 (16%)
Division 5 115 (4.0%) 152 (5.3%) 54 (19%)
Division 6 38 (1.3%) 66 (2.3%) 39 (14%)
Division 7 81 (2.8%) 93 (3.2%) 43 (1.5%)
Division 8 46 (1.6%) 90 (3.1%) 18 (0.6%)
Division 9 96 (34%) 97 (3.4%) 31 (11%)
Division 10 108 (38%) 96 (34%) 35 (1.2%)
Division 11 50 (1.7%) 170 (5.9%) 14 (05%)
Division 12 26 (0.9%) 123 (43%) 32 (1.1%)
Division 13 55 (1.9%) 99 (35%) 30 (11%)
Division 14 19 (07%) 98 (3.4%) 13 (05%)
Out of State 23(0.8%) 75 (2.6%) 21 (0.7%)

Total

880 (307%)

1438 (50.1%)

551 (19.2%)

Table 19. Fractionated RAP job mix formulas distribution by divisions before and after

2018 change.

Number of JMF by Division (Percent oftotal JMF s in NC by Division)

Divisions  Fractionated RAP Mix Fractionated RAP Mix Fractionated RAP Mix
Before 2018 Change Reclassified After 2018 Change

Division 1 0 (0.0%) 0 (0.0%) 4 (08%)
Division 2 0 (0.0%) 0 (0.0%) 1 (02%)
Division 3 6 (11%) 7 (14%) 2 (04%)
Division 4 12 (2.3%) 14 (2.7%) 0 (0.0%)
Division 5 83 (161%) 34 (6.6%) 14 (2.7%)
Division 6 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 7 0 (0.0%) 8 (16%) 8 (16%)
Division 8 25 (49%) 50 (9.7%) 6 (12%)
Division 9 0 (0.0%) 0 (0.0%) 3 (06%)
Division 10 129 (25.1%) 44 (86%) 18 (3.5%)
Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 12 8 (16%) 3 (06%) 8 (16%)
Division 13 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 14 8 (16%) 6 (12%) 1 (02%)
Out of State 4 (08%) 5 (1.0%) 3 (06%)

Total 275 (53.5%) 171 (333%) 68 (13.2%)
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Table 20. RAP/ RAS job mix formulas distribution by divisions before and after 2018

Number of JMF by Division (Percent oftotal JMFs in NC by Division)

Divisions RAP/ RAS Mix RAP/ RAS Mix RAP/ RAS Mix
Before 2018 Change Reclassified After 2018 Change
Division 1 20 (2.3%) 43 (6.0%) 98 (114%)
Division 2 69 (8.0%) 39 (4.5%) 37 (43%)
Division 3 31 (36%) 25 (2.9%) 10 (12%)
Division 4 46 (5.3%) 34 (3.9%) 15 (1.7%)
Division 5 34 (3.9%) 11 (13%) 13 (1.5%)
Division 6 12 (14%) 17 (2.0%) 13(1.5%)
Division 7 63 (7.3%) 31 (36%) 15 (1.7%)
Division 8 31 (36%) 39 (4.5%) 13 (1.5%)
Division 9 30 (35%) 12 (14%) 0 (0.0%)
Division 10 12 (14%) 4 (05%) 3 (04%)
Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 12 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 13 17 2.0%) 12 (14%) 1 (01%)
Division 14 0 (0.0%) 3 (04%) 0 (0.0%)
Out of State 3 (04%) 1 (0.1%) 6 (0.7%)
Total 368 (42.6%) 271 (31.4%) 224 (26.0%)

Table 21. RAS Job mix formulas distribution by divisions before and after 2018 change.

Number of JMF by Division (Percent oftotal JMFs in NC by Division)

Divisions RAS Mix RAS Mix RAS Mix
Before 2018 Change Reclassified After 2018 Change

Division 1 4 (63%) 10 (15.6%) 22 (344%)
Division 2 2 (3.1%) 0 (0.0%) 0 (0.0%)
Division 3 0 (0.0%) 0 (0.0%) 0 (0.0%)

Division 4 3 (47%) 8 (12.5%) 8 (12.5%)
Division 5 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 6 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 7 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 8 0 (0.0%) 3 (47%) 0 (0.0%)
Division 9 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 10 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 12 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 13 0 (0.0%) 0 (0.0%) 0 (0.0%)
Division 14 0 (0.0%) 0 (0.0%) 0 (0.0%)
Out of State 0 (0.0%) 0 (0.0%) 4 (63%)

Total 9 (141%) 21 (32.8%) 34 (53.1%)

52



3.3.3.3 Volumetric Analysis

More than 90% of mixes designed in the State of North Carolina contain recycled binder.
In order toevaluate the changes in the breakdown of different RBR categories produced and the
corresponding properties, the RBR mixes were analyzed under the five main categories
discussed earlier. Analysis was completed along a few different factors.

1 RAP Mix %- refers to the average amount of RAP in the mixture as a percentage
of total mass (RAP and RAP/RAS categories).

1 Fine RAP Mix %- refers to the average amount of fine RAP in the mixture as a
percentage of total mass (Fractionated RAP category only).

1 Coarse RARMix % - refers to the average amount of coarse RAP in the mixture
as a percentage of total mass (Fractionated RAP category only).

1 RAS Mix % - refers to the average amount of RAS in the mixture as a percentage
of total mass (RAS and RAP/RAS categories).

1 Virgin Mix %- refers to the average amount of virgin mix in the mixture as a
percentage of total mass (determined for the RAP, Fractionated RAP and
RAP/RAS categories).

1 AC in RAP % refers to the average asphalt content of RAP mix as a percentage
of total RAPmix mass (RAP and RAP/RAS categories).

1 AC in Fine RAP % refers to the average asphalt content of fine RAP in the
mixture as a percentage of total fine RAP mix mass (Fractionated RAP category
only).

1 AC in Coarse RAP %refers to the average asphalt @ntof coarse RAP in the
mixture as a percentage of total coarse RAP mix mass (determined for the

Fractionated RAP category only).
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AC in RAS %- refers to the average asphalt content of RAS in the mixture as a
percentage of total RAS mix mass (RAS and RS categories).

AC from RAP %- refers to the average percent contribution made to the total
asphalt content of the mix from RAP mix (RAP and RAP/RAS categories).

AC from Fine RAPY% refers to the average percent contribution made to the total
asphalt content of the mix from fine RAP mix (Fractionated RAP category only).
AC from Coarse RAP %refers to the average percent contribution made to the
total asphalt content of the mix from coarse RAP mix (Fractionated RAP category
only).

AC from RAS% - refers to the average percent contribution made to the total
asphalt content of the mix from RAS mix (RAS and RAP/RAS categories).

Virgin AC % - refers to the average percent contribution made to the total asphalt
content of the mix from Virgin mix (RR, Fractionated RAP, RAS, and

RAP/RAS categories).

Total AC %- refers to the average asphalt content the mixture as a percentage of

total mix mass (all the categories).

As shown inTable22, for RAP modified mixture, the mean RAP mix % was lower after

the 2018 change while the Virgin Mix % was higher after the change. These differences also

mean that the Virgin AC% was higher after the change (on average) tharbgéfess Having

higher virgin AC and lower RAP AC may introduce an improvement to the mix performance. In

the fractionated RAP mixes, mean coarse RAP mix % decreased while means fine RAP mix %

and Virgin mix % increased after the 2018 change as shoWabile23.
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Table24, for RAP/RAS modified mixtures, shows an increase in the megportion of
RAS mix % and a decrease in the mean proportion RAP mix % after the 2018 change. As for the
RAS modified only mix;Table26 shows a decrease in the mgaoportion of RAS mix % after
the 2018 change. Finally, for the virgin mixes, the mean virgin AC % was increased after the
2018 change as shownTiable25.

Table 22. RAP mix statisticsfor each JMF category.

JMF Category Property N Mean Std Dev

Before 2018 Change RAP Mix % 822 24.55 6.81
Virgin Mix % 822 75.45 6.81
AC in RAP % 822 4.93 0.47
AC from RAP % 822 1.21 0.36
Virgin AC % 822 414 1.02
Total AC % 822 5.36 0.93

After 2018 Change RAP Mix % 530 22.57 6.70
Virgin Mix % 530 77.37 6.72
AC in RAP % 530 4.98 0.47
AC from RAP % 530 1.12 0.33
Virgin AC % 530 4.43 0.99
Total AC % 530 5.55 0.95

Table 23. Fractionated RAP mix statisticsfor each JMF category.

JMF Category Property N Mean Std Dev

Before 2018 Change Fine RAPMix % 254 20.23 6.88
Coarse RARMix % 254 14.45 5.89
Virgin % 254 65.32 4.94
AC in Fine RAP % 254 5.41 0.43
AC in Coarse RAP % 254 3.35 0.66
AC from Fine RAP % 254 1.09 0.40
AC from CoarsdRAP % 254 0.50 0.27
Virgin AC % 254 3.49 0.69
Total AC % 254 5.08 0.75

After 2018 Change Fine RAPMix % 65 21.32 5.50
Coarse RAMIix % 65 12.14 4.21
Virgin Mix % 65 66.54 7.36
AC in Fine RAP % 65 5.18 0.98
AC in Coarse RAP % 65 3.14 0.88
AC from Fine RAP % 65 1.15 0.35
AC from Coarse RAP % 65 0.42 0.15
Virgin AC % 65 3.91 0.86
Total AC % 65 5.48 0.82
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Table 24. RAP/RAS mix statistics for each JMF category.

JMF Category Property N Mean Std Dev

Before 2018 Change RAP Mix % 354 18.39 5.88
RAS Mix % 354 4.25 0.95
Virgin Mix % 354 77.36 5.77
AC in RAP % 354 5.02 1.04
AC in RAS % 354 20.45 2.29
AC from RAP % 354 0.91 0.30
AC from RAS % 354 0.85 0.19
Virgin AC % 354 3.76 0.77
Total AC % 354 5.51 0.91

After 2018 Change RAP Mix % 218 16.24 6.61
RAS Mix % 218 4.32 0.95
Virgin Mix % 218 79.43 6.47
AC in RAP % 218 4.84 0.55
AC in RAS % 218 20.23 0.99
AC from RAP % 218 0.80 0.35
AC from RAS % 218 0.86 0.19
Virgin AC % 218 3.83 0.75
Total AC % 218 5.49 0.97

Table 25. Virgin mix AC% statistics for each JMF category.

JMF Category N Mean Std Dev
Before 2018 Change 73 5.85 1.03
After 2018Change 65 6.02 1.09

Table 26. RAS mix statistics for each JMF category.

JMF Category Property N Mean Std Dev

Before 2018 Change RAS Mix % 8 5.13 0.35
AC in RAS % 8 21.74 2.99
AC from RAS % 8 1.09 0.14
Addl. Binder % 8 5.64 0.41

After 2018 Change RASMix % 30 4.67 0.96
AC in RAS % 30 22.27 2.96
AC from RAS % 30 1.02 0.19
Addl. Binder % 30 5.20 1.03

3.3.4 Compaction Level and Aggregate Bulk Specific Gravity Effects Side Study
3.3.4.1 DesignCompaction Level Effect on Asph@lbntent and VMA
From a theoretical standing point, decreasing the design compaction level should create

more voids in the mix that could be filled with an additional binder. Droppuagifby 25 to 30
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gyrations increases VMA by 1% and would increaseaddsggn asphalt content by 0.4%ox et

al. 2022; Huber and Anderson 2004; Prowell and Brown 200&n online survey that was
conducted as part of NCHRP-BU/Task 40§West et al. 201824 out of the 47 responding

state DOTs reported that they lowered the number of design gyrations in an effort to improve the
durability of the produced mixtures across the state.

Practically, changing the compaction design level will not affect thealispintent much
if the aggregate blend changes. Tieisult occurdecause nothing prevents the mix designer
from using an alternative aggregate blend or adjusting the gradation to fill the newly created
voids by changing the compaction levels with aggteg instead of asphalt.

To check the Nesigntrends with VMA and asphalt contents in actual mix design tlaa
JMF informationfrom 2001 to 2021 asextracted and classified for each mix type over the
years as shown ihable27. Only the surface mixtures RS9.5B and RS9.5C were utilized in this
assessment due to the small sample size of the other mix types.

Figuresl3and14 show the asphalt contents and VMA changes for the RS9.5C mix,
respectively. The RS9.5C was specified and desigo serve the same traffic level for all the
years shown in Figurel3 and14 at three different compaction levelsiebynand VMAmin were
100 and 15%, 75 and 15.5%, 65 and 15.5% for 2001 to 2009, 2010 to 2017, and 2018 to 2021
JMF specifications, respectively. From the figures, it is clear that the asphtht and VMA%

did not change much as a result of changiagiiN Figuresl3and14 show a slight increase in
asphalt contentandVMA% between 2001 to 2009 and 2009 to 2021 data. However, that
change in asphalt content did not yield a 1% change in VMA. Furthermore, the gradation change

for this mix type across the tBfent Nesignlevels is presented frigurel5. It is clear from the
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figure that gradtion changes are tracking with asphalt cahtdangessincethe mixtures

desigred at 100 gyratiosbeing slightly coarser than the ones designed at 75 and 65 gyrations.
Figuresl6 and17 show the asphalt contents and VMA changes for the RS9.5B mix,

respectively. The RS9.5B mix was specified and designed to serve 0.3 to 3 million design

ESALs for 2001 to 2009 and 2010 to 2017 specifications, whil@18 2he specification

changed by omitting the RS9.5A mix and allowing the RS9.5B mix to serve 0 to 3 million design

ESALs as discussed in the previous sections of this chajateg.and VMAminwere 75 and

15%, 65 and 15.5%, 50 and 16% for 2002@69, 2010 to 2017, and 2018 to 2021 JMF

specifications, respectivelffigure 15 shows that the asphalt content changed by about 0.6% on

average when comparing the 75 and 65 to the 50 gyrations data. That asphalt content change

resulted in a 2% change irfMA on average when comparing both data series ffmgurel17.

The gradations of the mixtures designed at the 50 gyrations level were finer when compared to

the ones dsigned at 65 and 75 gyrations which explains the increase in the asphalt content, as

shown inFigurel8. It is believed that this change is a result of the reclea8dn process for

the RS9.5A mixtures to serve as RS9.5B mixtures, as explained and det&iésdi@m3.2.30f

this chapter and not as a result of changingldsgn gyration levels since no similar trend was

observed for the RS9.5C mixtures. The increase seen in RS9.5B asphalt contents could be a

result of the interactions between gradation, ViMAImits, and NiesignSince for this mix type,

the design gyrabin level was dropped, the gradation limits were tightened (A vs B), and the

VMA min% limit was increased, all together. This may have limited the mix designers' choices for

tweaking the mix design.
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Table 27. Number of JMFs available for each mix type at a specific Msign

Number of JIMF by Ndesign

Mix Type Year (Percent of IMF by Niesign)
50 65 75 100 125  Total
660 0 0 0 0 660
2001102009 (1925) (0.00) (0.00) (0.00) (0.00) (10.25)
RS9.5A
2010 t0 2017 550 2 2 ; y 50
(13.01)  (0.00)  (0.00) (0.00) (0.00) (13.01)
0 a1 544 0 0 585
2001102009 900)  (0.64) (8.45) (0.00) (0.00) (9.08)
0 1123 0 0 0 1123
RS9SB 2010102017 900) (17.44) (0.00) (0.00) (0.00) (17.44)
767 0 0 0 0 767
2018102021 1791y (0.00)  (0.00) (0.00) (0.00) (11.91)
0 0 0 479 0 479
2001102009 5000  (0.00) (0.00) (7.44) (0.00) (7.44)
0 0 881 0 0 881
RS9.5C 2010102017 g00)  (0.00) (13.68) (0.00) (0.00) (13.68)
0 908 0 0 0 908
2018102021 00y (141)  (0.00) (0.00) (0.00) (14.1)
0 0 0 0 8 8
2001102009 00y  (0.00) (0.00) (0.00) (0.12) (0.12)
0 0 0 86 0 86
RS9.5D 2010102017 500)  (0.00)  (0.00) (1.34) (0.00) (1.34)
0 0 0 105 0 105
2018102021 50)  (0.00)  (0.00) (1.63) (0.00) (1.63)
ol 2265 2072 1425 670 8 6440
(35.17) (32.17) (22.13) (10.4) (0.12)  (100)
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3.3.4.2 VMA Sensitivity to Changes in Aggregate Bulk Specific Gravity Measurements

The way currently VMA utilized in Superpave mix design makes it one of the most

important criteria that mix designers use to control the mix design process, as it is the tool to
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determine an acceptable aggregate blend and design asphalt content effEoguedgl9 and
20 show the distribution of VMA values across differentdynvalues for RS9.5B and RS9.5C
mixtures.From the figures, it is clednat across all the design levels, the calculated VMA
values, as reported in the approved and accepted mix designe on average.5% t02%
higher than the specified minimum limit for both mixture typeall the design levels
Currently, in the NCDOT mix design guidelindmid by the QMS,VMA is calculated as shown
in Equation(3.1) where Ris the aggregate percentdgethe total mix weightand Gy is the

mix bulk specific gravity.

VMA=100 (R (3.1

sb

The frequencyor Gsptesting is very low; in fact, most of the state DOTs requige G
testing only at the mix design sta@&ox et al.2022) From Equatior§3.1), It is obvious how
vulnerable VMA calculations are thanges in & values. Even the slightest change ¥ G
values can significantly affect the calculated VMA values; for instance, mé&asurement error
of 0.018 would change the calculated VMA value by 0.6%.

To evaluate the sensitivity of VMA tosgmeasuements irthedataset, a 0.052 dAmit
(acceptable range for two resulisgm AASHTO T84 (AASHTO T8491 2004)and T85
(AASHTO T8591 2004)for a 50/50 blend of coarse and fine aggregate was applied to the
datasetln addition, for a more realistevaluation, one¢hird of the d2 limit, which is 0.018,
was applied to the dataset as wElle reported & values in the dataset were changed by
subtracting).052and0.018 andthenthe VMA values were recalculated.

Figure21 shows the VMA distribution for the RS9.5B mixtures atdynof 50. From the

figure, dropping the gvalues by 0.018 will nagubstantiallyaffect the calalated VMA values;
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only less than 1% of the mixtures had a VMA value less than MMAowever, dropping the

Gsb by 0.052 resulted in more than 20% of the mixtures failing the minimum VMA requirement.
A similar analysis for the other two differentdgnvalues was conducted, and the figures are
presented iM\ppendixA. For NiesignOf 65, dropping & Vvalues by 0.018 resulted in around 8%

of the mixtures failing the minimum VMA requirements, while more than 56% of the mixtures
fell when dropping &Vvaluesby 0.052.The trends and the values were similar @kijhof 75.

Figure22 shows the VMA distribution for the RS9.5C mixtures ashhof 65. From the
figure, dropping the gvalues by 0.018 will result in more than 12% of the mixtures failing the
VMA min. Also, dropping the ¢ by 0.052 resulted in more than 60% of the mieguinaving a
VMA value less than VM#Ain. A similar analysis for the other two differengddgnvalues was
conducted, and the figures are presente&bipendixA. For Niesignof 75, dropping Gorvalues by
0.018 resulted in arouridl% of the mixtures failinghe minimum VMA requirements, while
more thar63% of the mixtures fell when droppingsgvalues by 0.052. The trends and the
values were similar at dskignof 100,

From this analysis, it is evident that aggregate bulk specific gravity has a significant
effect on the reported mixture volumetrics. Given all the uncertainty and variability in
determining the recycled material's specific gravities, this will have us wondering if we are truly
reporting the real designed mixture volumetricss Worth merioning thatthe RS9.5B mix type
at 50 gyrationsiad fewer failing conditionwhen compared to RS9.3@causdrS9.5B
mixtures had original VMA values that were almost 2.5% higher than the goRdfIA min, to

begin with.
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Figure 19. VMA distribution for RS9.5B mixtures at: (a) 50 design gyrations(b) 65 design
gyrations, and(c) 75 design gyrations.
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3.4. Summary and Conclusions
The NCDOT has modified the asphalt mixture design procedures in part, to increase the

asphalt content and address observed cracking issues witlt asighares. The analysis
presented in this chapter investigated how these recent changes have affected asphalt mixture
designs with respect to composition and performance.

The asphalt mix design procedures from before and after the most recent chaeges wer
identified and job mix formulas (JMFs) for mixture designed before and after the 2018 procedure
update were extracted from HICAMS for usghe main studynalysis. The extracted job mix
formulas were compared based on their volumetric and constitmpiosition, e.g., asphalt
content, voids in mineral aggregate (VMA) at the design compaction level, and voids filled with
asphalt (VFA) at the design compaction level. Comparisons were clustered by material type,
supplier, division, traffic designation, @megion to identify any neaniform trends that may
exist.Visual as well as statistical comparisons were utilipegissesthe impacts of the 2018
specification change# addition, the side study evaluated the effect @kipdon asphalt
contents an&MA as well as the sensitivity of calculated VMA values to the variability dn G
measurements utilizing a more extensive dataset that covered the years 2001 to 2021.

The conclusions drawn based on comparisons of mixture composition are summarized
below.

9 For mixture volumetrics statistical testing and comparisons, the results showed
that:
o0 The changes in mixture volumetric properties between different regions
for each JMF category (Before 2018 change, Reclassified, and After 2018

change) visually look vergmall.
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o Surface mixtures used for the 0.3 to 3 million ESAL traffic category after
the 2018 change have increased asphalt content by 0.7% (on average)
compared with the mixtures used {2@18.

o Statistical testing of these changes showed that the majbttig average
mean difference in VMA, VFA, and AC% before and after the change
were less than 0.5, making them unsubstantial from an engineering
perspective.

o There is no practically significant difference among mixture volumetrics
before versus after tf2018 change.

1 Recycled binder replacement analysis showed that:

o0 The majority of the study mixtures contained RAP (61.4%) and most of
these were surface mixes.

0 RAP/RAS mixtures are used more frequently than fractionated RAP mixes
(18.5% vs 11.0%).

o Only 7.7% of the evaluated JMFs did not include any recycled binder
replacement.

0 RAS mixtures were mainly used in the Coastal Plains region.

0 The geographical distribution assessment of RBR mixtures showed that
Division 5 had the largest number of RAP e8xDivision 10 had the
highest number of fractionated RAP mixes, and Division 1 had the largest
number of RAP/ RAS and RAS mixes.

o0 The evaluation of the effect of the specification changes introduced in

2018 on the distribution of JMFs containing recycieaterials showed
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that Division 1 had noticeable changes. For instance, RAP mixes have the
highest presence after the 2018 change in Division 1 and RAP/RAS and
RAS mixes jumped from 2.3% and 6.3% to 11.4% and 34.4%vprsus
post2018, respectively.

o Within the 14 evaluated divisions, only Divisions 1, 2, 4, and 8 had JMFs
that includednly RAS without any RAP

1 The volumetric analysis of the recycled mixtures showed that:

0o The mean RAP content for the RAP mix was lower after 2018 while the
mean virgin bindr content was higher after the change.

o For the fractionated RAP mixes, mean coarse RAP content decreased
while means fine RAP and virgin binder contents increased after 2018.

o Forthe RAS mixtures, a decrease in the mean RAS content after 2018
change wasdund.

o All the changes (increment or decrement) were unsubstantial in terms of
mean values.

1 Designcompaction level effect on asphalt coritand VMA analysis showed
that:

0 The asphalt contefior RS9.5B mixtureghanged by about 0.6% on
average when compag the 75 and 65 to the 50 gyrations data.

o0 Theasphalt content change RS9.5B mixturesesulted in a 2% change in
VMA on averagelt is believed that this change is a result of the
reclassification process for the RS9.5A mixtures to serve as RS9.5B

mixtures
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o0 For RS9.5C mixtureshe asphalt content and VMA% did not change

much as a result of changiRgsign
1 VMA sensitivity to changes in aggregate bulk specific gravity measurements
analysisshowed that:

0 Aggregate bulk specific gravity has a significant effect on the reported
mixture volumetrics.

o Dropping the & values by onghird of the d2s limit will cause more than
20% of the designed and approved RS9.5C mixtures to fail thens¥MA
requirements. Droppg it by 0.052, the d2s limit will fail more than 60%
of the RS9.5C mixtures.

o Dropping the G, values by onghird of the d2s limit will not significantly
affect the RS9.5B mixtures. However, dropping it by 0.052 will fail more
than 20% of the RS9.5B ntixes across the state.

o0 RS9.5B mix type at 50 gyrations was less sensitive when compared to
RS9.5C because RS9.5B mixtures had original VMA values that were

almost 2.5% higher than the specified VMAmin, to begin with.
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CHAPTER 4. MECHANICAL PROPERTIES AND PERFORMANCE FOR MIXTURES
OF THE SAME CLASSIFICATION

This studypresented in this chaptsinow that mixtures of the same traffic classification
exhibit significant differences with respect to performance indices, mechanical properties, and
pavement performance. Although some mixtures might have similar volumetric properties, the
performance ofhese mixtures might be significantly different. The study also shows that with
these performance discrepancies in a single traffic classification, an IVR function calibrated for a
specific performance level will not be able to accurately predict othfarpemce levels. This
study highlights the need for restructuring the mixture classification system to be based on
mixture performance rather than on volumetric design with the ultimate goal being perfermance
based specification to eliminate the limitasantroduced by the use of volumetric properties.

The presented work herein has been submitted for publication in the Transportation
Research Record, Journal of the Transportation Research Board, © National Academy of
Sciences: Transportatidhe s ear ch Board 2024. 't has been re

author archiving and rase guidelines

4.1. Introduction
State highway agencies (SHAs) and industry continually implement new technologies,

test methods and specifications to improve perfooaaA few SHAs have begun the process of
implementing a cracking test in conjunction with a rutting test in a balanced mix design (BMD)
approach. While there are three potential approaches to implementing a BMD procedure, most
states follow Approach 1 inlch each mix design must meet both the volumetric requirements

plus the performance test crite(i&/estet al.2018)
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Specimen preparation and testing time have limited the frequency nftastded for
acceptance testing. As a result, most SHAs that currently require performance tests as part of
their mix design procedures have not used them for acceptance and those that do, are not using
them for payment determinatighcCarthyet al.2016) In addition to the testing requirements,
many of the methods currently used by SHAs cannot be directly integrated into performance
prediction models to estimate the letegm behaviors of the associated pavements.

To address these shortcomings and twiple a total quality assurance (QA) system that
integrates mix design with performance prediction, construction, acceptance and payment, a
PerformanceRelated Specification (PRS) concept for design and construction of both concrete
and asphalt pavementasbeen pursued since the early 198ppset al.2002, Moulthrop and
Witczak 2011) The concept dPRS is to measure key material and construction quality
characteristics that relate to performance and use these relationships to predict performance
during both design and construction. Within this concept, acceptance and payment are then based
on the diference between atesigned and asuilt performance predictions.

One promising PRS approach integrates the Asphalt Mixture Performance Tester
(AMPT) and its associated test methods. However, the use of AMPT performance test results for
QA testing poses pctical problems that are difficult to overcome. For example, the time
required to fabricate performance test specimens and conduct all the performance tests is too
long for the test results to be used efficiently in typical QA processes. Also, any axljtsstm
the mixture during construction should be based on acceptance quality characteristics (AQCs)
that can be changed easily. Due to these limitations, the PRS framework should preferably
employ AQCs that are commonly used in most SHAs' QA processasgdbalt pavements (e.g.,

volumetric properties, Hplace density, etc(Chamberlin 1995)
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To leverage these AQCs for PRS (or other) purposes, researchers have recently proposed
the development of a Performarn¢elumetric Rehtionship (PVR) and an associated Index
Volumetrics Relationship (IVRYWanget al.2019, Jeongt al.2020) The dea of these
relationships is to prealibrate the performance/index property variations as a function of AQCs.
For the IVR, two material indice&{p for cracking and the Rutting Strain Index (RSI) for
permanent deformation) are predicted based on tlasumable volumetric properties of asphalt
mixtures(Jeonget al.2020) The IVR can be developed by conducting periance testing at
four different volumetric conditions (referred to as four corners) at the project initiation phase.
The IVR can then be used to predict theasstructed performance indices using the AQCs
measured during production. Using IVR, the QAgarsses currently used by SHAs do not
change substantially. Common mixture properties, i.e., Pb, mixture bulk specific gravity (Gmb),
and Gmm, are determined and used to calculate Va, VMA, and VFA. The measured properties
(Pb, Va, VMA) of mixtures obtaineflom the plant along with iplace density values
(percentage of Gmm) from the roadway, are input into the IVR to predict the index values. The
difference between dwuilt performance indices and-designed performance indices can be
used to inform accepihce and payment.

A four-step process is required to develop the IVR: (1) collect material properties, (2)
determine four corners, (3) measure the volumetric properties and generate the design volumetric
space, and (4) conduct performance tests and a@ibite IVR function. The general form of the
IVR function is described in Equatiga.1) through(4.3). Further details regarding the
development of the four corners and the calibration of IVR function are provided elsewhere

(Wanget al.2019, Jeongt al.2020)
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Index=56, +p YMA 30 VEA (4.1)

5 5

VMA, =100 ?i& c,(3100 VMA (4.2)

VFA, =100 o200 %8, 840 (4.3)
C VMA, -

Wherelndex= material index $pp for fatigue cracking and RSI for permanent
deformation) bo, b1, andb, = fitting coefficients,e= residual of the regressiothGmm= in-place
density,Va = design air void content, VMA = voids in the mineral aggregate, VFA = voids filled
with asphalt, and IP = iplace.

While the IVR can be useful for PRS (or other) purposes, it still requires experimental
characterization, which can be time consumingiafehsible since the exact mixture to be used
on any given project may not be known at the time a construction specification is issued. One
solution to this problem is to define the material properties for a 'typical' mixture for a set, or
class, of mixtues. The material properties for this 'typical’ mixture would then be used to
calibrate the IVR at the project initiation phase. However, this approach can be followed only if

the properties of the mixtures within the same classification are reasonalbdy.simi

4.2. Objectives
This research effort seeks to address the aforementioned issues by meeting the following

objectives;
1) Assess and report the differences in mechanical properties and pavement
performance between mixtures that were designed to serve thératime

classification, and
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2) Investigate whether a single IVR function can be used for all mixtures within the

same traffic classification.

4.3. Methodology
4.3.1 Overview
Three standard surface mixtures from North Carolina were sampled and tested. These

mixtures weresubjected to dynamic modulus testing, cyclic fatigue testing, and-stvesp

rutting testing. The mixture performance was first analyzed to identify the differences. Pavement
performance simulations were then carried out using standard pavementestaactur

representative climate from North Carolina to evaluate the differences in the pavement
performance resulting from the differences in the mechanical properties of the mixtures. Finally,
the applicability of a single IVR function to a class of mixtuseshecked. An IVR function,

calibrated using a fourth reference mixture of the same classification as the three mixtures
studied herein, is considered. The volumetric properties of the three mixtures are used within the
IVR function to predict the indise The percent error between the predicted indices and the
measured indices from the performance testing is calculated to evaluate the suitability of using a

single IVR function for an entire class of mixtures.

4.3.2 Materials
The asphalt mixtures used in this paper include standard surface mixtures from North

Carolina, designated in North Carolina DOT specifications as RS9.5C mixes. These mixtures are
designed with a nominal maximum aggregate size of 9.5 mm, with the desigemaoim

gyrations being 65, and are meant to serve a traffic level of 3 to 30 million equivalent single axle
loads (ESALSs). The minimum VMA design requirement is 15.5% and the acceptable range for
VFA is 65-78. North Carolina's climate is generally segted into three regions: coastal,

piedmont, and mountain. For this reason, one mixture from each region was included. The three
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RS9.5C mixtures are referred to as CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C. While there are
regional differences in terms of climatbhe mixture design specifications are applied equally
across the regions. In general, the constituent materials are similar across these regions, but each
is dominated by different contractors. Each mixture was sampled-gatidn buckets by North
Cardina DOT personnel and collected as loose mix material to be compacted in lab for testing.
All the mixtures were produced by different contractors.

The blended gradation of the three RS9.5C mixtures are shdvigure23. Figure23
demonstrates that CO_RS9.5C is the finest, followed by PI_RS9.5C and MO_RS9.5C. Mixture
design infornation for the three evaluated mixtures is showhahle28. CO_RS9.5C is distinct
from the other two mixtures because of its higher binder content resulting in effgwive
binder contentTable28 also contains the mixture design information for a reference RS9.5C
mixture that was tested and evaluated in another gWdyget al.2020) The reference mixture
is from the Piedmont region of North Carolina. The available dataset for the reference mix will

be utilized to check the predictive applicability of thélrated IVR at a later section of this

chapter.
100
o
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Figure 23. NC RS9.5C mixtures' gradation chart.
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Table 28. NC RS9.5C Mixtures' Information.

Propert RS9.5C
perty CO Pl MO Reference
NMAS (mm) 9.5 9.5 9.5 9.5

Binder Grade PG 6422 PG 5828 PG 6422 PG 5828
Pay Binder Grade PG 6422 PG 6422 PG 6422 PG 6422

Binder Content (%) 7 5.8 5.5 5.8
Ve (JMF) 14.6 12.6 11.9 12.7

RAP Content (%) 20 40 30 30
RBR (%) 14.0 35.9 26.2 24.3

Ndes 65 65 65 65

VFA (JMF) 77.8 76.2 75 76
VMA (JMF) 18.6 16.6 15.9 16.8
Gmm (JMF) 2.328 2.439 2.460 2.460

Gmm (NCSU Measured  2.367 2.536 2.730 NA

4.3.3 Test Methods

The mechanical characterization of the mixtures was conducted using the AMPT via
dynamic modulus testing (AASHTO TP 132), cyclic fatigue testing (AASHTO TP 133), and
stresssweep rutting testing (AASHTO TP 134). The cyclic fatigue test temperature caasider
for all mixtures was 18°C. The stresseep rutting low tesemperatures for CO_RS9.5C,
P1_RS9.5C, and MO_RS9.5C respectively were 29°C, 29°C, and 18°C. Thessteegsrutting
high testtemperatures for CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C respeuterel 52°C,
51°C, and 49°C.

Included within these three test methods are specifications for specimen preparation
(AASHTO R 83 and PP 99), determination of theoretical maximum specific gravity (AASHTO
T 209), determination of bulk specific gravity (AASHTIOL66), and determination of percent
air voids (AASHTO T 269). The target aioid content for all the mixtures was 5% 8/5% for

all test specimens.
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4.3.4 Pavement Performance Simulations
The AMPT performance tests allow the simulation of the mixture's npesface in the

context of a pavement structure under traffic load and climate conditions. The pavement
performance predictions for the evaluated mixtures were generated using the AASHTO
Pavement ME Design v2.6.2.2 and FlexPAVE2.1.6 since both simulatidools have been
used in past NCDOT projects for evaluating mixtures from North Carolina.

The Pavement ME software was selected for betiprfatigue cracking simulations
since it was locally calibrated for North Carolina mixtures through the researdis etiaied
out under the FHWNC\2007-07 project(Kim 2011) For rutting simulations, FlexPAVEE
was used since the Stress Sweep Rutting (SSR) test generates the perfect mater@ltéoel in
rutting performance predictions in FlexPAFEand cannot be used to simulate rutting
performance in Pavement ME software. The idea behind using Pavement ME for cracking
evaluation was to make use of the available state local cracking calibratpodacing the
most accurate and realistic predictions that reflect the local state conditions since FIEXPAVE
was not locally calibrated for North Carolina yet.

The simplified VECD (SVECD) model developed at NCSU can predict fatigue tests
accurately undr various temperature conditions and strain levels. The fatigue cracking material
specific parameters (K factors) were determined using-MEGD model replicating what was
done under the FHWWIC\2007%07 project after adjusting for the changes that haggé¢o the
cyclic fatigue test protocol (AASHTO TP12919). The specific material factors used to
characterize each evaluated mixture's Pavement ME fatigue model were derived from the
respective mixture cyclic fatigue test results and are showabfe29. In addition, the state
local felid calibration coefficients used for the Pavement ME cracking simulations as

recommended by the FHWKNC\200707 project, arshown inTable30.
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Table 29. AC Fatigue Model Coefficients Utilized for Pavement ME Simulations.

Pavement ME AC FatigueCalculated Model Coefficients

Mix K1 K2 K3
CO_RS9.5C 1.51E+05 7.04E+00 4.22E+00
Pl RS9.5C 1.37E+11 7.53E+00 5.46E+00
MO RS9.5C 9.03E+07 7.11E+00 4.83E+00

Table 30. Recommended local calibration factors for North Carolinamixtures (Kim 2011)

Parameter Recommended Value

bf1l 3.50E05
bf 2 0.72364
bf3 0.6

C1 0.24377
Cc2 0.24377

The selected traffic level for all the simulations in both Pavement ME and FlexPAVE
was 30 million equivalent single axle load repetitions (ESALS) over 20 years since all the
evaluated study mixtures were RS9.5C mixtures which are specified for roads30itmillion
equivalent single axle loads according to NCDOT specification. Two types of pavement
structures were used for pavement performance prediction named as "thick” and "thin". The
utilized two types of pavement structures for pavement perfornpedetion comprised an
asphalt layer, an unbound aggregate base course layer, and a subgrade. The thickness of each
layer was defined based on a combination of a statistical analysis of 43 pavement sections from
NCDOT construction contracts as well asuhfrom NCDOT personneFkigure24 presents the
utilized two structures for the simulations along with the thicknesses of each layer and the
respective Poisson ratemd elastic modulus value. The simulations were performed using the
mechanical properties of different surface AC mixes (.i.e., CO_RS9.5C, PI_RS9.5C, and
MO_RS9.5C). Climate data from North Carolina that represents the Piedmont region was
utilized for allthe pavement simulations. The climate station used in the simulations had a mean

annual air temperature of 61.97 °F and a mean annual precipitation of 47.09 inches.
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Figure 24. Utilized pavement structures for Pavement ME and FIeRAVE™ simulations.

4.4. Resultsand Discussion
4.4.1 Dynamic Modulus Test Results
The dynamic modulus results for each of the three primary mixtures are shbigane

25 andFigure26. The phase angle results from the dynamic modulus testing are shBigaria

27. Overall, the modulus of MO_RS9.5C is on average higher than PI_RS9.5C and CO_RS9.5C
and PI_RS9.5C looks to have the higher phase angle values than the other two mixtures.
MO_RS9.5C has a coarser gradation than the other mixtures and has the lowest effective binder
content, which explains why this mixture has the higher modulus values. The phase angle values
follow in that PI_RS9.5C has a higher binder content and highetigédinder content. Even

though CO_RS9.5C has the highest effective binder content, PI_RS9.5C has the higher RAP

percentage by twenty percent.
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Figure 25. Dynamic modulus results (loglog plot) for RS9.5C.
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Figure 26. Dynamic modulus results (semiog plots) for RS9.5C.
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4.4.2 Cyclic Fatigue Test Results
The cyclic fatigue test data resulting in damage characteristic curves for RS9.5C mixtures

are shown irFigure28 andFigure29. The damage characteristic curve is a functional
relationship between the specimen's integrity (pseudo stiffG@ssid the amount of damads,

in the specimerfigure28 shows the damage characteristic curves for individual specimens. An
indicator of the repeatability of the test is the overlap of the individual damage characteristic
curves for a givemixture. Figure29 shows the fitted damage characteristic curves for each
mixture. Generally, the damage characteristic curves of higher modulus mixtures tend to be
higher than those of other mixtures; however, this outcome does not imply better or worse
performance. Although for a givé8value, a higher modulus material exhibits higGermlues
(higher integrity), the higher modulus material might actually be mattéekand hence more

prone to damage (i.e., the damage evolution is faster). This phenomenon can be reflected by
higherC values at failure, indicating that the material becomes less tolerant to damage compared

to lower modulus materials. In this case, ME59.5C has the higheStvalues throughout and
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the shortest damage curve. It's also worthy to note that MO_RS9.5C had the highest modulus
values among the three mixtures.

TheDR value indicates the material's diminishing fatigue resist@naag and Kim
2017) TheDR failure criterion is the slope of the relationship passing through zero between the
average reduction in pseudo stiffness and the number of cycles to. failsin@orth menbning
that thisDR definition was changed in the latest sien of the standardrigure30 shows the
individual data points that form the relationship that defd@sThe averag®R values from
each data point are shownRigure31. A higherDR value generally indicates better fatigue
resistance compared to a lovizéf value. The trend dDR shows that MO_RS9.5C is the worst
performing, followed by CO_RS9.5Cafinally PI_RS9.5C.

However, the performance of the mixture cannot be evaluated solely based on the
position of the damage characteristic curveB®values because both the modulus and inherent
fatigue resistance pl aysfaigue metfoemancawithireat e r mi ni n g
pavement. If two mixtures have the same fatigue resistance, but one has a higher modulus than
the other, the higher modulus mixture will have a longer fatigue life. Similarly, a more fatigue
resistant mixture will have a lorgfatigue life than another mixture of similar modulus but less
fatigue resistancé&ppis an index parameter that was developed to account for these two factors
(modulus and fatigue resistance) that affect the cracking potential of a mixture andlisrbase
VECD theory(Wanget al.2020) A higherSypp value generally indicates better fatigue
resistance compared to a lovgp value. TheSypp values are shown iRigure32. PI_RS9.5C
has the higheskpp value followed by CO_RS9.5C and then MO_RS9.5C. Shevalues
shown below make sense because of MO_RS9.5C having the &ffeesive binder content and

coarsest gradation. In this case, the higher modulus mixture translates t&lgwalues. As
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discussed before, PI_RS9.5C has lower dynamic modulus values with a softer binder than the

other two mixtures, therefore resuffim better fatigue performance.

1.2
1 '|' ® CO_RS9.5C
08 = PI_RS9.5C
4+ MO_RS9.5C
006
04 r
0.2 r -
D 1 1
0 100000 200000 300000
S
Figure 28. C vs. S damage curves (individual specimen values) for RS9.5C.
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Figure 29. C vs. Sdamage curves (fitted values) for RS9.5C.
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4.4.3 StressSweep Rutting Test Results
The RSI values for 89.5C mixtures are shown kigure33, Figure34, andFigure35

calculated using the climatic conditions of Wilmington (Coast), NC, Wake Forest (Piedmont),
NC, and Asheville (Mountains), NC, respectively. The RSI is the average permanent strain (in
percent) and is defined as the ratio of the permanentrdafion in an asphalt layer to the

thickness of that layer at the end of ay2@r period, over which 30 million 4#8p standard axle

load (ESAL) repetitions are applied to a standard stru¢@ianbariet al.2020) A mixture

with lower RSI values has more rutting resistance than a mixture with higher RSI values. Each of
the mixtures is from apecific region, therefore the RSI values in three different locations are
shown. MO_RS9.5C has the best rutting performance in all locations, followed by CO_RS9.5C
and PI_RS9.5C. MO_RS9.5C has the lowest effective binder content and the coarsest gradation

resulting in this performance.
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4.4.4 Traffic Designation Based on Mixture Performance
It is interesting to noterdm Figures32, 33, 34, and35that forSypp, PI_RS9.5C is

classified as AVery Heavyo, CO_RS9.5C is cl as
classified as fAcSh amidxatrudroe iFsorc|RaSs s i feiaed as A St
specific climatic conditions, but they are cl
traffic designation for all three mixtures th
dependhg on location, the designation could be controlled by fatigue performance and the same

goes for MO_RS9.5C. According to the North Carolina DOT QMS manual, these mixtures are
classified to handle 3 to 30 million ESALSs. This shows according t&Héhresholds defined

in the literatur§Wanget al.2020) t hese mi xtures could be cl ass
For Spp, PI RS9.5C over performs with hesholdsas si fi c
defined in the literaturéGhanbarket al. 2020) all three mixtures meet thategory in which

they were designed.

4.4.5 Pavement Performance Simulations
As explained in the methodology section, the pavement performance predictions for the

evaluated mixtures were generated using the AASHTO Pavement ME Design v2.6.2.2 and
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FlexPAVEE v2.1.6. The Pavement ME software was selected for batjfatigue cracking
simulations since it was locally calibrated for North Carolina mixtures. FlexBAMBAS used
for the asphalt rutting simulations. Specific material factors (K factors) needed to characterize
each evaluated mixture's Pavement ME fatigue model were deroradHe respective mixture
cyclic fatigue test results and were used in the Pavement ME simuldfiatesial inputs fothe
pavement performance simulations are availabkpipendix Efor reference.

Figure36 shows the bottorup cracking results for both, thin and thick sections.
CO_RS9.5C mix was the wosgerforming mixture, followed by the MBS9.5C. The
P1_RS9.5C mixture was the bgsrformirg mixture with a bottorup cracking percent that did
not exceed 18% and 10% for thin and thick sections, respectively. Increasing the section
thickness for the MO_RS9.5C mixture significantly dropped the bettproracking percentage
from 61% to 25%. Howear, that was not the case for the CO_RS9.5C mixtures. This may be
attributed to the fact that MO_RS9.5C has a coarser gradation than the other mixtures and has
higher modulus values that translate into a bgtéeforming mixture when placed in a thicker
pavement section.

Figure37 shows the asphalt rutting experienced by the thin and thick pavement sections.
P1_RS9.5C had the highest rut depth values for thin ankl $kictions. This may be due to the
fact that the PI_RS9.5C mixture had higher modulus values than the other mixtures. The
CO_RS9.5C and the MO_RS9.5C mixtures had an almost identical rutting performance for thin
and thick sections. It is worth mentionirigat the mixture rutting performance results (RSI) and
the rutting pavement performance results similarly ranked the mixtures.

Figures38 and39 show the overall pavement performance results for thin and thick

pavements, respectively. The figures emphasize the importance of applying the balanced mix
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design and establishinbe links between the mix design and the pavement design. Considering
the standard terminal limits for cracking and rutting of 25% and 6.35 mm from Pavement ME, a
mixture like PI_RS9.5C, when placed in a thin section (4 inches), would have failed in atitting
the end of 20 years of design life while having abouttbird of it cracking capacity left

unused. In addition, a mixture like the MO_RS9.5C, with low effective binder content, coarse
gradation, and high modulus values, showed excellent performadaeeas more balanced when
placed in a thick pavement section. This analysis demonstrated that relying only on mixtures
volumetrics will not provide an accurate or even close representation of the mixture and

pavement performance.
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Figure 36. Bottom-up fatigue cracking pavement performance of the simulated thin and
thick pavement sections.
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4.4.6 Index-Volumetrics Relationship Validation

Even thaigh performance indices and mechanical properties were compared to examine
differences in mixtures of the same classification, as shown in the previous section, this process
does not show the practical significance of the differences in the mixture gbcteo defining
a mixture specific IVR function.

PRS utilizing IVR can provide a means by which the performance indices of asphalt
mixtures can be predicted using only volumetric properties. As described in the introduction
section, this process takésié and effort, with establishing four corners and then conducting
numerous performance tests at each volumetric condition to calibrate the IVR function. If this is
done for every mixture, time and resources will be strained, even at the project inietim
The goal with PRS and the IVR function is to possibly establish mixture class IVR functions.
This way, not just a single mixturebés | VR wil

This section compares the indices for the RS9.5C mixtures asd fiiedicted from an

IVR calibrated using a fourth mixture. The coefficients obtained for this IVR function were used
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to predict the index parameters for the three RS9.5C mixtures mentioned above. The measured
indices and the predicted indices were thiettgd against one another to give a comparison.

By examiningTable28, some similarities and differences can be found between the four
RS9.5C mixtures. The refereneexture is from the Piedmont region of North Carolina,
specifically Holly Springs, North Carolina. This mixture shows similarities to PI_RS9.5C. Both
have the same binder grade, which is softer than the other mixtures. Both have the same binder
content ad almost the same effective binder content, even though the RAP content is different.
The design volumetric properties of these two mixtures are also very similar.

The IVR calibrated using the fourth reference RS9.5C mixture is shown in Eq@#adipn
andEquation(4.5) for Ssppand RSI. The details regarding ficess of the calibration of the

IVR function is provided elsewhe(@/anget al.2019, Jeongt al.2020)

S, = 105.155 4.072VMA, O0#816VFA (4.9

app

RSI= 13.927 8.776 VMA, 0067 VFA (4.5)

To compare the three RS9.5C mixtures against the reference mixture, the voids in
mineral aggregate iplace (VMAp) and voids filled with asphalt iplace (VFAr) needed to be
calculated using the actual air void contents of the specimens that were used for performance
testing instead of the design air void content. By introducing the added volume of air to the
overall volume of the mixtures, the VM#and VFAp could be calculated by using Equation
(4.2) and Equatiorf4.3). The VMAIP and VFAIP were then input into the IVR function to

obtain the predicted index parameters.

93



Figure40 shows the volumetric space for the reference mixture which is used to calibrate
the IVR function. By examining the figure, PI_RS9.5C and MO_RS9.5C are located within the

calibrated volumetric space for the reference mixture, while CO_RS9.5C is outidespface.
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Figure 40. Volumetric space for the reference mixture and the three RS9.5C mixtures
considered in this study.

The comparison of CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C against the reference
mixture is shown irFigure41 andFigure42 for Syppand RSI, respectively. CO_RS9.5C,
P1_RS9.5C, and MO_RS9.5C are designated using the same colors as in the experimental results
comparison. The verification data points are variations of the reference mixture in terms of
gradation, design air void conteaf)d test specimen air void content (not used in the IVR
calibration) that were predicted using IVR.

By examiningFigure41, PI_RS9.5C was predicted to hav&g value of 24.12 but had
an actual value of 31.20 (an error of 22.68%). MO_RS9.5C was predicted to &ayesdue of
20.50 but had an actual value of 13.10 (an error of 56.51%). Even though the difference in the
measured values is high, the two mixturexklto be similar based on the plot. The difference in

the predicted and actual values could be attributed to the lower effective binder content of
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MO_RS9.5C. Because of this, the VMAf MO_RS9.5C is lower and close to the threshold of
the calibrated volmetric space as shown kiigure40.

CO_RS9.5C has been predicted to haggvalue of 34.65 but an actual value of 22.60
(an error of 53.31%). The predicted vatnay be greater because the effective binder content is
greater than the reference mixture. This higher effective binder content is increasing thig VMA
thus causing the predicted value to be greater. The prediction is not matching the measurement
value kecause the VM#A value for this mixture is outside the volumetric space that was
established by the variations of the reference mixture; thus, it is an extrapolation issue.

By examiningFigure42, CO_RS9.5C has a predicted RSI value of 6.12 and an actual
value of 5.07 (an error of 20.71%). MO_RS9.5C has a predicted RSI value of 3.75 and an actual
value of 4.37 (an error of 14.11%). PI_RS9.5C has a predicted valugB8di an actual value
of 8.05 (an error of 45.57%).

The higher value of RSI for the measured value of PI_RS9.5C could have various causes.
The RAP content of PI_RS9.5C was 40% instead of 30% like with the reference mixture. This
along with the %RBR seetn make this mixture softer compared to the reference mixture
causing the actual RSI value to be higher. Other than this reason, it is difficult to explain why the

actual RSI for PI_RS9.5C is different than the predicted value.
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This comparison shows that the volumetric properties can cause some differences in the
predicted performance, especially if the reference mixture used to calibrate IVR performs
differently than the mixtures that the IVR tries to predict the performan€®fRS9.5C is
predicted to perform better than the actual values with respect to fatigue cracking and predicted
to perform worse than the actual values with respect to permanent deformation because of the

volumetric properties considered in the IVR funoti®l_RS9.5C is predicted to perform worse
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than the actual values with respect to fatigue cracking and predicted to perform better than the
actual values with respect to permanent deformation because of the volumetric properties
considered in the IVR funicn. MO_RS9.5C is predicted to perform better than the actual values
with respect to fatigue cracking and to perform better than the actual values concerning
permanent deformation because of the volumetric properties considered in the IVR function.

Becaus of the differences between the actual and predicted values from the IVR
function, an IVR function for an entire mixture classification might not be the ideal solution.
Thisfinding is specifically true if the current volumetribsised mixture classifiaan system
categorized for different traffic levels is maintained. The analysis presented in this study show
the discrepancies in performance between mixtures that follow a single traffic classification.
With these performance discrepancies, an IVR funataibrated for a specific performance
level will not be able to accurately predict other performance levels.

This finding also emphasizes how important integrating performance assessment of
mixtures is for classification and categorization purposese,Hteis seen that four mixtures,
designed under the same set of specifications can yield very different behaviors and hence
performance attributes. This need for better performance consistency from mixtures within the
same classification may become everrenpronounced when applying methods like PRS. This
finding also highlights the importance of considering performance over volumetrics. Two
mixtures with similar volumetric properties could perform significantly differently. While PRS is
an attractive optin since it combines the strength of fundamental engineering properties as well
as the simplicity of measuring volumetric properties for QA, the inherent drawbacks of using
volumetric properties would still propagate. Only a true performaased specifation, where

fundamental engineering properties are measured and used to predict performance for acceptance
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and payment, would be able to address the limitation of QA specifications based on volumetric

properties.

4.5. Conclusions
Thi s r esear c loingestigatejthe differiences in wmixtares of the same traffic

classification. These mixtures are three surface RAP mixtures (designated as RS9.5C) from
North Carolina meant to serve a traffic level of 3 to 30 million ESALs. The mixtures are
obtained fronthree regions within North Carolina: Piedmont (PI), Coast (CO), and Mountains
(MO). These mixtures were evaluated by conducting dynamic modulus, cyclic fatigue, and
stresssweep rutting testing using the AMPT. Mixtures performance, as well as the pavement
performance, were compared. In addition, the applicability of a single IVR function calibrated
based on one reference mixture to other mixtures within the same traffic classification was
evaluated. Based on the conducted analysis, the drawn conclusiasdaliews:

1) For dynamic modulus, PI_RS9.5C is softer than the other two mixtures.
CO_RS9.5C is different than MO_RS9.5C until the temperature is increased to
40°C. MO_RS9.5C has the highest dynamic modulus values. PI_RS9.5C has the
lowest dynamic modulugalues.

2) For phase angle data, the three mixtures are different for all temperatures with
P1_RS9.5C having the highest phase angle values and the CO_RS9.5C having the
lowest phase angle values.

3) For cyclic fatigue data, all three mixtures are different WithRS9.5C having the
best performance and MO_RS9.5C having the worst performance.

4) For the stressweep rutting data, CO_RS9.5C and MO_RS9.5C were almost
similar in RSI. PI_RS9.5C is different than the other two mixtures and is the
worst performing in tans of RSI.
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5)

6)

7)

8)

9)

The bottormup cracking results for both, thin and thick sections showed that
CO_RS9.5C mix was the worgerforming mixture, followed by the MO

RS9.5C. The PI_RS9.5C mixture was the {pesforming mixture with a bottom

up cracking percent thdid not exceed 18% and 10% for thin and thick sections,
respectively.

Asphalt rutting performance simulations showed that PI_RS9.5C had the highest
rut depth values for thin and thick sections. The CO_RS9.5C and the
MO_RS9.5C mixtures had an almost ideatirutting performance for thin and

thick sections.

All'in all, this study shows that mixtures within the same traffic classification can
perform differently. In other words, although some mixtures might have similar
volumetric properties, theerformance of these mixtures might be significantly
different.

With these performance discrepancies, an IVR function calibrated for a specific
performance level will not be able to accurately predict other performance levels.
The IVR comparison shows thiste volumetric properties can cause large
differences in the predicted performance, because the reference mixture used to
calibrate IVR performs differently than the mixtures that the IVR tries to predict

the performance of.

10)Because of the differencestiveen the actual and predicted values from the IVR

function, an IVR function for an entire mixture classification might not be the

ideal solution.
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This finding suggests that SHAs could consider restructuring their mixture classification
system to be basexh mixture performance rather than on volumetric design, if they are
interested in applying PRS in the future. While PRS is an attractive option since it combines the
strength of fundamental engineering properties as well as the simplicity of measuwimg tvial
properties for QA, the inherent drawbacks of using volumetric properties would still propagate.
This alludes to the importance of setting performavased specifications rather than PRS as the
ultimate goal to address the limitation introduced/bljumetric properties. Future work could be
a further investigation into the differences of these mixtures to explain why they perform
differently. This could include conducting a larger study involving more mixtures from different
regions with different ominal maximum aggregate size and conduct-@nm performance and

cost assessment of those differences.
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CHAPTER 5. MECHANICAL PROPERTIES AND PERFORMANCE OF HIGH
RECYCLED CONTENT MIXTURES DESIGNED USING ALTERNATIVE
APPROACHES

As indicated irFigurel, this chapter presents a case study showing how the current
interpretation of the volumetric properties of RAP and RAS mixtures is erroneous and can lead
to performance consequenc¥sing recycled asphalt materials in asphalt mixtures is very
common among transportation agencies. Virgin mixtures are rare in North Carolina today. In this
chapter, mixtures from three different sources were evaluated and systematically redesigned to
consider recycled binder availability, thattise proportion ofotal binder in a given RAM
source that is available to blend and contribute to the mixture performance. The work presented
herein demonstrates how an incorrect assumption of the recycled binder availability in mixture
design significantly affects the mfred asphalt mixture volumetric properties and performance.
The results show that the volumetric properties and performance change considerably as a result
of considering recycled binder partial availability.

The presented work herein has been submittiedublication in the Transportation
Research Record, Journal of the Transportation Research Board, © National Academy of
Sciences: Transportation Research Board 2024.

author archiving and rase guidelines.

5.1. Introduction
Asphalt mixture performance is affected by reclaimed asphalt pavement (RAP) and

recycled asphalt shingles (RAS) usage since the recycled binder contained within these materials
is generally oxidized, which cause increases in its viscositypatiidness. RAS generally
contains binder that is more highly oxidized than RAP, which imposes higher restrictions on its

use. North Carolina Department of Transportation (NCDOT) restricts the recycled materials

101



content permitted in asphalt mixtures lwhse their type (i.e., traffic designation) and the layer
in which the mixture will be placed. The NCDOT permits RAS contents up to 5 percent of a total
mi xXtureds mass as long as the Recycled Binder
percent for stface mixtures or 23 percent for the base and intermediate mixtures. If RAP is
combined with RAS or used independently, the maximum permitted RBR ratio is 40 percent for
the surface mixtures and 45 percent for the base and intermediate mixtures. lesheheas
the RBR exceeds 30 percent, or the mix contains any amount of RAS, NCDOT requires the use
of a softer binder grade (PG-28) than used for mixtures with lower RBRs (PG223 (North
Carolina Departmentfdransportation 2022)

(Kim et al.2011)evaluated the effects of RAP and RAS on asphalt mixture npeafice
of mixtures designed according to NCDOT volumetric mixture design specifications that align
with AASHTO R 35. The fatigue damage resistance and rutting resistance of 12 different North
Carolina surface, intermediate, and base layer mixtures wdtaa It was found that RAP
mixtures, compared to néRAP mixtures from comparable sources and classifications, showed
systematically lower cracking resistance and higher rutting resistance. However, other studies on
North Carolina mixturegKhosla and Visintine 2011, Ramoju 2015, Khosla and Musthy 2016)
suggested that the increase in the recycled materiamoyields better cracking and rutting
performance. It is important to note that these latter studies relied on dynamic modulus tests to
infer cracking resistance and did not directly measure the cracking resistance of the mixtures.
While the dynamic modub test has the ability to provide a measure of the expected strains that
a pavement under traffic loading will experience, it fails to quantify damage resistance. Since the
recycled materials contain oxidized and aged binders, the damage resistaneaagjidured

and should be evaluated through a cracking test and not dynamic modulus testing alone.
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One limitation of the majority of volumetric mixture design methods specified today,
including the NCDOTO6s, I s t h a tled Binder pvaildlityn ot ac
(RBA) on the composition of asphalt mixtures. RBA is a term used to describe the proportion of
recycled binder in a given RAP or RAS source that is available to blend within virgin asphalt
binder in a mixturéMocelin and Castorena 2022)navailable recycled binder is often regarded
as a 0 b NMaumktricmixtaré diesign procedures that ignore RBA may have a lower
effective asphalt content, and in turn, Voids in Mineral Aggregate (VMA) content, than intended.
Consequently, current volumetric mixture design procedures may not provide optimum
perfamance for asphalt mixtures containing recycled materials.

Performance tests to complement the volumetric mix design is considered necessary to
ensure satisfactory material performance is achiédafj et al.2019) Performane testing was
recommended as part of the Superpave mix design procedures during its development. However,
a lack of implementable test methods at the time of the original Superpave system development
precluded the adoption of performance testing in mixdesegn. More recently, performance
Engineered Mix Design (PEMD) and Balanced Mix Design (BMD) methods have emerged and
are undergoing implementation in many states. In these methods, the resultant mixture
performance is measured during the design proB&4B. methods implement index tests that
yield empirical or seraempirical measures that are related to the true material performance. In
contrast, more fundamental tests that yield mechanistibakled parameters are utilized in the
PEMD approach. Becausleese approaches directly measure the performance of asphalt
mixtures, they offer a means to ensure sufficient durability is achieved even when RBA is
unknown and unaccounted for. Furthermore, optimizing mixture performance may permit the

use of higher reycled material contents by offsetting their adverse effects through changing
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constituent material properties and proportions. It is important to mention that while there are
four potential approaches according to AASHTO PP 105 for implementing a BMDdprece

most states follow Approach A, in which each mix design must meet both the volumetric
requirements plus the performance test criteria. Thus, an improved understanding of how partial
RBA can be addressed within the volumetric proportioning coulddredple the design of high
recycled content mixtures that meet specified performance requirements.

Zhouet al.(2011)proposed a BMD high RAP mix design method for the Texas
Department of Transportation (TxDOT), in which the optimum asphalt content was selected
based on achieving preset thresholds for rutting, crackingnarsdure damage at specified
mixture density requirements. Requirements for VMA were omitted in the method due to the
uncertainties in determining the RAP aggregate specific gravity and unknownSRBauri
(2020)demonstrated the viability of using a PEMD approach to optimize RAP mixtures. He
designed mixtures at three different RAP contents (0%, 20%, and 40%) and evaluated the effects
of agphalt content on performance to optimize the mixtures to achieve satisfactory rutting and
cracking performance. The approach used mechanistic performance test results and
accompanying pavement performance predictions. Neither of the aforementioned aggproach
directly considered partial RBA or its effects on the design of the aggregate structure of asphalt
mixtures.

Several methods exist to address RBA within volumetric mixture design procedures. The
corrected Optimum Asphalt Content (COAC) method was dpeeldy Georgia DOT in 2013
based on the experimental results that suggest incomplete blending in RAP ni&iures
Gardiner2016) Thi s met hod has been f orOpadtngzed i n Ge

Procedure 2, Appendix D, which is used to calculate the COAC for mixtures with RAP and RAS
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(Georgia Department of Transportation 20I)e nethod is also implemented by South
Carolina Department of Transportatikbdelazizet al.2021) In the COAC approach, aixns
designed following the standard Superpave procedure to select the Original Optimum Binder
Content (OOBC). Then, the virgin asphalt content is increased in an amount equal to the
unavailable recycled binder content, yielding the Corrected Optimumaispbntent (COAC).
Georgia DOT assumes that 60 percent RBA, while South Carolina DOT assumes the RBA is
equal to 75 percent. Both percentages are fixed, irrespective of the recycled material source or
characteristics. The volumetric properties of thelfim design are not checked or reported at
the COAC, and since COAC is higher than OOAC, the final mix design volumetric properties
will be unknown.(Norouziet al.2017)evaluated the performance of the mixtures designed
using COAC compared to the conventional practice. The evaluated mixtures werarhi2.5
Nominal Maximum Aggregate Size (NMAS) surface mixtures prepared based on two different
JMFs collected from northern and southern Georgia. Cyclic fatigue and dynamic medtihg t
were conducted on mixtures prepared at the OOAC and COAC asphalt contents. The dynamic
modulus and cyclic fatigue test results were used to characterize the Simplified Viscoelastic
Continuum Damage (SECD) model for each of the evaluated mixtur@si the Layered
Viscoelastic pavement analysis for Critical Distresses (LVECD) program was used for pavement
analysis. The study concluded that the fatigue resistance of the COAC mixtures was significantly
better than the mixtures prepared at the OOAC. él@r; since no rutting tests were done as part
of this study, the paper did not comment on or evaluate the consequences of the COAC on
rutting resistance.

Mocelin and Castoren@2022 and Mocelinet al. (2023)introduced an alternative

method to address RBA in mixture designcatied Availability Adjusted Mix Design
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(AAMD), and compared it to the COAC method. The AAMD method was developed based on
fundamental insight from tracéiased microscopy and sieve a1si investigations of asphalt
mixtures. These investigations show that partial RBA is a consequence of agglomerations of
adhered RAM particles. Cracks propagate around the agglomerations, suggesting they are black
rocks. Consequently, the AAMD method usies RAP and RAS gradation rather than their
recovered aggregate gradations to design the aggregate structure. The extent of agglomeration,
and in turn, RBA can be quantified from comparative sieve analysis of RAP and recovered RAP
aggregate. The RBA is ed to adjust volumetric calculations within the AAMD method to
attribute the unavailable recycled binder volume to the bulk aggregate volume in the mixture.
Mocelinet al. (2023)redesigned control mixtures that were designed according to current
NCDOT specifications from two sources according to the AAMD andC@ethods. The
alternative mixture designs were evaluated only using the Indirect Tension Asphalt Cracking
Test (IDEAL CT) and the Asphalt Pavement Analyzer (APA), which are test methods commonly
used in BMD approaches. The study concluded that bothAiMDAand COAC approaches
improve the cracking resistance of the mixtures compared to the current NCDOT practices that
do not consider partial RBA. However, the use of the COAC method has increased the rutting
susceptibility experienced by the mixtures imte of APA rut depths, while AAMD method did
not detrimentally affect rutting resistance when compared to the control mixtures. However, the
study did not evaluate the fundamental tests used in PEMD or consider the implications of the
observed materidével effects on structurdével pavement performance.
Additional research is needed to further evaluate the COAC and AAMD methods that
encompasses additional materials and considers both index and fundamental tests. This study

builds onMocelinet al.(2023)study to further evaluate and compare the COAC and BAM
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mixture design methods. This study leverages the mixture designs prepared and evaluated by
Mocelinet al.(2023) An additional control RAP mixture and a baseline virgin mixture from a
third source were also evaluated and used as the basis for preparing AAMD mixture designs at
the control and elevated RAP cents. All study mixture designs were evaluated utilizing an
asphalt mixture performance tester (AMPT) in an effort to evaluate the generalizability of the
past studyds findings to PEMD methods. Coll ec
study to evhuate materialevel indicators of cracking and rutting resistance. Additionally,
pavement performance simulations implemented using Pavement ME and FleXPwsiEe
conducted to assess how the observed matevial differences propagate to difference® in
structural level pavement performance. In total, this paper evaluated three control, three virgin,
two COAC, three AAMD, and two higher RAP AAMD mixtures by mean€6fdex APA,

dynamic modulus, cyclic fatigue, and Stress Sweep Rutting (SSR) teadslition to, pavement
simulations conducted via Pavement ME and FlexPRA/Ehat makes it one of the rare papers
that evaluated the use of recycled material effects on the same mixtures through many lenses,

from index testing to pavement simulations.

5.2. Objectives
This study aims to comprehensively assess the AAMD and COAC approaches compared

to conventional volumetric proportioning approaches through laboratory index and AMPT tests

and pavement performance simulations.

5.3. Methodology and Materials
5.3.1 Naming Convention
The experimental plan encompasses a total of 13 mixtures: three control mixtures

containing recycled asphalt materials (RAMs) from different sources; three baseline virgin

mixtures; five mixtures designed according to the AAMD method; and twtures adjusted
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using the COAcbased approach. The control and virgin mixture designs are mixture designs
produced by local contractors and approved by the NCDOT. Each control mixture was
redesigned according to the AAMD method, maintaining the control Réent. RAM
content herein refers to the aggregate stockpile proportion from a given RAP source. Two
control mixtures were also designed at 50 percent RAP content. It is important to note that
AAMD and COAC mixtures from two of the three sources (deseghA and G) were designed
by Mocelin et al. (2023)whereas a third source (designated H) was used to produce additional
mixture designs herein. The Plant A and G index test results obtaidddayin et al. (2023)
are also leveraged herein. AMPT testing of the Plant A and G mixtures was conducted as part of
this study. In addition, both index and AMPT testing of et H mixtures was completed as
part of this study.

A naming convention was adopted and used herein to simplify the tracking and
presentation of the study mixtures. Each study mixture is represented by-seittiee name, in
which the firstsectiorsi a | etter that represents the mater
the recycled material composition and percentage (Y%0RAP/%RAS), and the last section provides
the mix experimental classification with C indicating a mixture designed according to
NCDOT requirements (control or virgin), COAC indicates a mixture adjusted according to the
COAC-based approach, and AAMD indicating the mix redesigned using the AAMD framework.
For example, the AAMD mixture from Plant G, with 26% RAP and 5% RAS is dd’6/5

AAMD. The baseline virgin mix from the same plant is name@/@GC.

5.3.2 Control Mixture Designs
The control and virgin mixture designs used in this study were selected from existing Job

Mix Formulas (JMF) approved by the NCDOT. The control mixtureewweepared by the local
contractors from which the materials were sourced following the North Carolina Department of

108



Transportation (NCDOT) specifications, which assume complete RBAh Carolina

Department off ransportation 2022)he baseline virgin mixtures were produced using
aggregates from the same stockpiles as the respective control mixture and used as references
without recycled materials. The virgin mixtures also contained the same virgin birider as
respective control mixture except for Plant G. Since the control mixture from this plant had RAS,
a different performance grade (PG) was used for the virgin mix following the NCDOT
specificationgNorth Carolha Department of Transportation 2022)

The control RAM and baseline virgin mixture designs were verified to meet the specified
volumetric requirements prior to test specimen fabrication or alternative mixture design
preparation. It is important to natieat North Carolina mixtures are generally designed with
VMAs well above the specification limif&Jnderwoodet al.2021) hence, the high VMA values
for the control and baseline virgin xtiires utilized in this study reflect typical values in the
state.

Three control asphalt mixtures were evaluated in this study. The three mixtures were
sourced from different plants, denoted A, G, and H, to preserve supplier anonymity. The Plant A
and G mxtures were verifieth Mocelin et al. (2023) while Plan H mixtures were verified as
part of this study. Two mixtures contained RAP, and one contained both RAP aicdmssgner
RAS.

All control and virgin mixtures are classified as RS9.5C by the NCDOT, which are
specified for roads with 3 to 30 million desigquivalent single axle loads (ESALS). The control
RAP mixtures from Plants A and H contain 30 and 35 percent RAP, respectively, while the
control mixture from Plant G contains 26 percent RAP and 5 percent RAS, expressed in terms of

RAM aggregate stockmlproportions. The Plant H mixture contains fractionated RAP with a 40
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to 60 percent blend ratio between the coarse and fine RAP stockpiles. The characteristics of the
virgin and control mixtures are shownTiable31 along with the specifications for RS9.5C

mixtures. The reported AASHTO higemperature performance grades (HPGs) were calculated
using a linear blending chart formed using the recycled b virgin binder HPG values, and
therefore the calculated blended HPG values should be interpreted as approximations. The total
binder blend HPG values in the table were calculated using the total RBR values.

Table 31. Characteristics of control and virgin mixtures.

Plant A Plant G Plant H
. : A- A- G- G- H- H-  Specification
Mix properties 0/ 30/0 0/ 26/5 0/0- 350 limits

C C C C C C
Total binder content (%) 6.7 6.0 7.0 6.2 7.2 6.0 --
Virgin binder content (% 6.7 4.4 7.0 3.7 7.2 4.3 --

RAP (%) 0.0 300 00 260 00 350 --
RAS (%) 0.0 0.0 0.0 5.0 0.0 0.0
Total Binder BlendHPG 67 75 67 84 66.7 745 --
VMA (%) 18.0 16.8 19.0 179 20.8 16.8 Min. 15.5
VFA (%) 777 76.1 789 77.7 810 76.2 65-78
DP 090 108 0.95 118 0.80 1.02 0.6-1.4

5.3.3 Recycled Binder Availability Measurements (RBA)
Measurement of the RAM sourspecific RBA followed the methods employed by

Mocelin and Castoren@022, Pape and Castore(2022, andMocelinet al.(2023) RAP RBA

was determined through comparative washed sieve analyses of the & Ade@rered RAP

aggregate according to the method propose@Pbpe ad Castorena 2022Jhe gradation of the

RAP is termed the black curve and the gradation of the recovered aggregate is termed the white
curve. The difference between the black and white curves indicates the extent of agglomeration
and in turn proportion of total recyclechiier that is locked inside of agglomerations and

therefore, unavailable to blend with virgin asphalt. Trdmzesed microscopy was used to

guantify RAS binder availability and verify the results of sieve analysis following the specimen
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fabrication and anasys procedure proposed yape and Castorena 202pcelin et al.(2023)
characterized and reported the RAM RBA values for Plants A and G whereas the RAP binder
availability of the Plant H coarse and fine RAP stockpiles was quantified specifically for this
study. The resultant RAP RBA values Plants A, G, and H ccamsle fine are 56 percent, 47
percent, 44 percent, and 59 percent, respectively. The RAS availability used for Plant G was 31

percent.

5.3.4 Corrected Optimum Asphalt Content (COAC) Mixtures
The Plant A and G control mixtures were adjusted according to the Gapiidbd

specified by the GDOT bWocelin et al. (2023)with one exception. The sourspecific

measured RBAs were used to produce the mixtures instead of the fixed value of 60 percent
specified by GDOT. As a result, the OOAC of the control mixture was increased by increasing
the virgin binder content of the mixe by an amount equal to Not Credited Asphalt Content
(NCAC) to arrive at the COAC. The NCAC is equal to the recycled binder content of the
mixture, expressed as a percentage of the total mixture mass, multiplied by the quantity of one
minus the measureRBA. It is important to note that the volumetric properties of the mixtures

were not evaluated at the COAC to align with the specified procedure.

5.3.5 Availability Adjusted Mix Designs (AAMD)
All control mixtures were redesigned using the AAMD method at the@dRAM

content. Plant A and H mixtures were also designed using the AAMD method at 50 percent RAP
content. The Plant A and G AAMD designs-88/GAAMD, A -50/00AAMD, and G-26/5

AAMD) are presented in detail Mocelinet al.(2023) Therefore, this section focuses more

heavily on the Plant H AAMD mixture desigiiH-35/0cAAMD and H-50/0-AAMD). It is noted

that the COAC method requires an existing Superpave mix design to use as a reference.
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However, the AAMD method can be used as a seode mix design method for new mixtures
without the need for an initial Sugave mixture design.

The detailed AAMD mixture design framework is presenteldatelin et al. (2023) The
primary differences between the AAMD method andwentional mixture design are (1) the
RAM black curve is used to represent its gradation when designing the aggregate structure rather
than the RAM white curve and (2) the unavailable recycled binder is considered part of the bulk
aggregate volume of thmixture in a rigorous way (i.e., accounting for the difference in binder
and aggregate specific gravity). Consequently, the VMA, Voids Filled with Asphalt (VFA), and
dustto-effective binder ratio (DP) are lower when interpreted using the AAMD approach
conmpared to the conventional practice under the condition of partial RBA. Herein, volumetric
properties are prefaced with the word 6avail a
according to the AAMD method (e.g., available VMA). Volumetric propertiepaefaced with
the word o6specifiedbd or oOtotal éd when calcul at
approachMocelin et al. (2023)provided detailed descriptions of how standard Superpave design
eguations are amended for use in the AAMD approach.

The study RAM material black and white curves are showrignrés43 and44, which
reveal the white curves are substantially finer when compared to the corresponding black curves.
This is a result of the agglomeration of adhered RAP patrticles. It can be inferrelidnme43
that Plant A RAP black and white curves are closer to each other than the Plant G curves, which
is an indicatiorof less agglomeration that resulted inigher RAP binder availability for Plant
A (56 percent) when compared to G (47 percent). In general, the same can be noted for Plant H
RBA values for coarse (44 percent) and fine (59 percent) stockmhag-igure44 at the small

sieve sizes.
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Figure 43. Black and white gradation curves for Plant A and G RAM materials.
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Figure 44. Black and white gradation curves forPlant H RAM materials.

The AAMD designs used the same virgin stockpiles, RAP, and virgin binder as the
corresponding control mixture when prepared at the same RAM content as the control mixture

but the virgin stockpile proportions were adjusted. The vibgmder selection for the 50 percent
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RAP mixtures followed the NCDOT guidelines, which require the use of a softer virgin binder
when the total RBR of the mixture exceeds 30 percent. Therefore, a virgin binderZ3Gva8
used for both of the designs wkb percent RAP content.

The AAMD mixture designs were prepared to yield a gradation (when interpreted using
the RAP and RAS black curves) and available VMA that met NCDOT specifications.
Correspondingly, the blend gradations and available VMA of theaanixtures were first
evaluated using the AAMD approach (i.e., using the black curve and considering the unavailable
recycled binder as part of the bulk aggregate volume), which gave an indication of the level of
adjustment necessary when preparing guesign. Furthermore, the AAMD mixture gradations
were designed in an effort to match what a mixture designer might do if adjusting to the AAMD
method. In North Carolina, most plants use a similar gradation for their alternative mixture
designs used forgiven mixture clasMocelinet al.(2023) Correspondingly, initial trial
gradations were prepared by adjusting the virgin aggregate stockpile proportions such that the
blend gradation, when using the black curve to reflect the RAM, matched the specified gradation
for the control mixture (i.e.hait was prepared using the RAM white curve). For AR
mixtures, this approach generally yields a satisfactory available VMA that is close to the
specified VMA for the control mixture (that was calculated on the basis of complete RBA). This
approach waadopted when generating AAMD mixture designs for Plant +3%H)-AAMD)
and Plant A (A30/0-AAMD). However, due to the very low RBA and high binder content of
RAS, this approach did not yield a satisfactory available VMA for the Plant G RAP/RAS
mixture anahus, further adjustment of the gradation to increase the available VMA above the

minimum was required as detailedNfocelinet al. (2023)

114



Figure45 shows the blend gradations for the Plant H virgirO(BtC), control (H35/0
C), and AAMD mixture at the control RAP content-83/0-AAMD) prepared as part of this
study. The RAP mixture gradations are shown using both the white and black curves to reflect
the RAP gradation. In AAMD method, the RAM black curves are consideneddlect the actual
gradation in the mixture, and therefore are used for design, whereas the white curves were used
to design the control mixtures. Only virgin stockpile proportions were adjusted to try to achieve a
similar blend gradation in the AAMD ixture when using the black curve that matched the

control mixture blend gradation when using the RAP white curve.
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Figure 45. Black and white blend gradations for the Plant H control and AAMD RAP
mixtures.

To prepare the 50 pemeRAP AAMD mixture design, the RAP black curves were used
to reflect their gradations and the virgin aggregate stockpiles proportions were adjusted to
accommodate the additional RAP content and to achieve a similar gradation to the blend
gradation of theontrol mixture when using the RAP white curve. For Plant H, which contains
two RAP stockpiles, fine and coarse, the RAP stockpile percentages were increased to achieve a

total of 50 percent RAP while maintaining the proportions of 60 percent fine RA®Oguercent
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coarse RAP, i.e., 30 percent fine RAP and 20 percent coarse RAP were used in terms of total
aggregate weight in the mixture. It was more difficult to adjust the gradation to match the
specified control gradation in the 50 percent RAP mixturespemed to the AAMD designs
prepared at the control mixture RAP content since the virgin stockpiles comprised a smaller
portion of the aggregate blend. For Plant A, all the virgin stockpiles used in the control mixtures
were also used in the AAMD mixture thi50 percent RAP as detailedNfocelin et al. (2023)
However, for the FbO/0-AAMD mixture, the coarse virgin stockpile had to be removed because
the use of the coarse RAP particles combined with both the coarse and fine virgin stockpiles
would have violated the NCDOT gradation specificationgfeminimum anount of materials
passing the #200 sieve. The changes in gradation were made while maintaining both the black
and white curves within the gradation limits specified by NCDOT such that mixture gradations
passed NCDOT specifications when using either th® RI&ck or white curve to reflect its
gradation Figure46 presents the blend gradations for the 50 percent RAP AAMD mixtures as

well as for the control RAP mixturdsr Plants A and H.
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Figure 46. Blend gradations for the control and AAMD mixtures with increased RAP
content from: (a) Plant A and (b) Plant H.

The optimum asphalt content was selected to achieve four percent air voids at 65
gyrations in accordance with the NCDOT specifications for RS9.5C mixiNoeth Carolina
Department of Transportation 2022hevolumetric properties were calculated and evaluated
according to the AAMD approach at the selected asphalt cdviterglin et al. (2023)

The volumetric properties of the evaluated mixtures are showalile32. The resul

from Plants A and G were added to this table for easy reference; complete discussions and details
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related to those plants are availabl®locelin et al. (2023) The table presents the volumetric
properties in two different lenses. The first is thecatbed total or specified, for which the
volumetric properes are calculated assuming 100 percent RBA, which aligns with Superpave,
while the second is the salled available or effective, where the properties are calculated
following the procedure detailed in the AAMD Framew@ocelin and Castorena 202)he

reported HPGs were calculated using a blending chart formed using the recycled binder and

virgin binder HPG values, and therefore the calculated blended HPG values should be interpreted

as approximations. The total binder blend HPG values were atddulsing the total RBR

values whereas the available binder blend HPG values were calculated using the effective RBR
values. Note that the COAC volumetric properties are not reported since mixtures are not
prepared and compacted using the adjusted asmra#nt in the method.

The consequences of the partial RBA on the calculated volumetric properties for the
mixtures are clear ifable32. Considering the partial egcled binder availability for the Plant H
control mixture, dropped VMA from 16.8 to 15.2 and the DP from 1.02 to 0.66. The Plant H and
G control mixtures have available VMAs that
While the Plant A control miture has an available VMA that exceeds the minimum limit, a
mixture designer still may opt to refine the mixture if the available properties were used for
specification. North Carolina has quality control requirements for VMA and the VMA of-plant
producednmixture that is generally lower than correspondinggatduced asphalt mixtufeynn
et al.2007) Therefore, mixture designs are generally prepared well above the minimum limit
(Underwoocdet al.2027) to ensure compliance during production. The results also show

significant effects of considering partial RBA on the interpreted RBR, VFA, and DP of asphalt
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mi xtures. The available properties of all AAM
criteria.

Table 32 Specified and available volumetric properties for the evaluated mixtures

Plant A Mix Plant H Mix Plant G Mix

- - © QN0 U e 9o v v VYO Spec
Mix properties So 38 <§E S 6,: B, B <§t S, & <§E © g limits
< << <01 T O O< O
Total binder content (%) 6.0 6.7 6.6 6.0 6.7 62 69 7.6 --
Available binder content (% 54 6.1 6.0 52 59 47 54 6.2 --
Virgin binder content (%) 4.4 52 51 43 50 37 44 51 --
Total RBR (%) 25.9 22.8 232 27.8 24.4 41.0 36.0 404 --
Effective RBR (%) 17.1 148 151 17.3 149 220 19.0 15.2 --
Total Binder Blend HPG 75.6 74.7 748 745 733 843 816 794 --
Available Binder Blend HP 729 72.2 72.3 716 71.0 71.1 69.6 68.5 --
Specified VMA (%) 16.8 17.7 - 168 183 17.9 182 - .. ¢
Available VMA (%) 159 169 - 15.2 16.7 154 157 - T
Specified VFA (%) 761 77.3 - 762 781 777 780 - . _g
Available VFA (%) 749 76.3 - 736 76.0 741 746 -
Specified DP 1.08 130 - 1.02 1.08 1.18 145 -
Available DP 0.71 097 - 066 0.76 087 1.30 - 0.6-14

The specified and available volumetric properties for the 50 percent RAP content AAMD
mixtures are shown iMable33. The control mixture volumetric properties are also included for
reference. The Plant A control mixtures had higher virgin binder content than the respective 50
percent RAP mixtures, indicaty the high RAP content may be economically advantageous if
performance is satisfactory. On the other hand, #3®/8AAMD mixture had a higher virgin
binder content than the control mixture, indicating it may not be morestfestive to use the
higherRAP content mixture in this case. Correspondingly, the available VMA of the 50 percent
RAP mixtures for Plant H is higher than the available VMA of the respective control mixtures.
For Plant A, a similar available VMA was achieved in the 50 percent RARImito that in the

control mixture.
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The virgin binder used for all the mixtures with 50 percent RAP was a FX8,5&lected
based on the total RBR according to NCDOT guidelines, which is softer than the G 64
virgin binder used in the mixtures withvler RAP content. Note that even at 50 percent RAP
content, the effective RBRs of all the mixtures are still lower than the 30 percent RBR threshold
specified by the NCDOT for switching to a softer virgin binder. With the use of a softer virgin
binder, theapproximated available binder blend HPG of the 50 percent RAP mixtures are
approximately 1°C and 4°C lower than the respective control mixture for the two cases
evaluated.

Table 33. Specified and available properties of the contrahnd AAMD designs with
increased RAP content

: . A-30/0- A-50/0 H-35/0- H-50/0
Mix properties

C AAMD C AAMD

Total binder content (%) 6.0 6.7 6.0 7.0

Available binder content (%) 5.4 5.7 5.2 5.9

Virgin binder content (%) 4.4 4.2 4.3 4.6
Total RBR (%) 25.9 37.7 27.8 334
Effective RBR (%) 17.1 26.3 17.3 21.4
Total Binder Blend HPG 75.6 74.3 74.5 71.5
Available Binder Blend HPG 72.9 69.9 71.6 67.4
Specified VMA (%) 16.8 17.2 16.8 18.1
Available VMA (%) 15.9 15.9 15.2 15.8
Specified VFA (%) 76.1 76.8 76.2 78.0
Available VFA (%) 74.9 74.9 73.6 74.8
Specified DP 1.08 1.39 1.02 1.20
Available DP 0.71 0.81 0.66 0.77

5.3.6 Index Performance Testing
Two index tests commonly used in BMD procedures were used in the assessment of the

cracking and rutting performance of all the study mixtures, the IDEAL CT and the APA tests.
The IDEAL-CT test was conducted according to the ASTM D82@%9. A minimum of thee
test specimens with 15@m diameter and 6&1m height were fabricated and tested at 7 + 0.2

percent air voids. APA tests were conducted following the AASHTO T1®4énd NCDOT test
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requirements. Two sets of two specimens were tested at 64°C for eatenaixture. The

test results are reported as the average rut depth after 8,000 load repetitions. The APA specimens
were fabricated at 4 £ 0.2 percent air voids and withrhB®diameter and 7#61m height, in

accordance with the NCDOT requiremefitorth Carolina Department of Transportation 2022)

It is worth noting that both IDEAL CT and APA standards allow a tolerance of 0.5 percent air
voids. However, the tests presented in this paper were conductaghdéalimit to minimize
specimerto-specimen variability, given reports in the literature that + 0.5 percent differences in

air void content can significantly affect IDEACT test result§Mivehchiet al.2022)

5.3.7 Asphalt Mixture Performance Tester (AMPT) Testing
Performance tests for cracking and rutting evaluation were conducted, using an AMPT

for all of the mixture designs presented in this studywaduate the generalizability of the

findings obtained through index testing with more fundamental measures of mechanical
behavior. Dynamic modulus (AASHTO TP 132 2021) and cyclic fatigue (AASHTO TP 133

2021) tests using the small specimen geometry werducbed for cracking evaluation, and

Stress Sweep Rutting (SSR) tests (AASHTO TP 134 2019) were used for rutting evaluation. The
target airvoid content for all the AMPT test specimens mixtures was 4 + 0.5 percent. The
dynamic modulus master curves werealeped utilizing FlexMATM v2.1.1, which aligns with
AASHTO TP 133 2021.

The cracking index parameté&pp, and the rutting susceptibility index (RSI) were
obtained from analyzing the performance testing results using FleXNiX.1.1. TheSupp
parametemdicates the fatigue damage capacity of asphalt mixtures and is obtained from
collective dynamic modulus and cyclic fatigue tests coupled with-MMEEGD model(Wanget
al. 2020) The RSI parametendicates the rutting resistance of asphalt mixtures based on the
permanent deformation shift model and is obtained from SSR(@&sésmbariet al.2020)
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5.3.8 Statistical Analysis
Oneway analysis of variance (ANOVA) and Tukey's Honest Significant Difference

(HSD) tests at a 5 percent significancard | evel
determine if there were any pairwise significant differences among the different mixtures within
the same source in terms of dynamic modulus values at 1 Hz at each test temperature, cracking
(CTindexandSpp), and rutting (APA rut depth) performanice the sources A, G and H. The
statistical tests were conducted to compare the results statistically and complement the visual
comparisons.

It should be noted that ti&Tindexand Sypp means are compared as the average of at least
three tests and the APA rut depth as the average of two sets of specimens. APA testing was
conducted by an outside testing services lab. For Plant G, only the average test results were

reported to the authorand therefore the statistical analysis could not be performed.

5.3.9 Pavement Performance Simulations
The AMPT performance tests allow the si mul

pavement structure under simulated traffic and climate conditions. Gondiagly, pavement
performance predictions were carried out using AASHTO Pavement ME Design v2.6.2.2 and
FlexPAVEE v2.1.6. The Pavement ME software was selected for batjfatigue cracking
simulations since it was locally calibrated in North Carolhraugh the research efforts carried

out under the FHWMNC\200707 project(Kim et al.2011) Furthermorematerial level inputs

for Pavement ME can be obtained from dynamic modulus and cyclic fatigue test results. Rutting
simulations were carried out using FlexPA¥Ebecause the SSR test generates the material

level inputs for rutting performance predictiondFlexPAVEE but cannot be used to simulate

rutting performance in Pavement ME.
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The SVECD model parameters were used to generate the fatigue cracking material
specific parameters (K1, K2, K3) shown in Equat{d:i) following the approach used in the
FHWA\NC\2007%-07 project(Kim et al.2011)but adjusting for the more recent fatigue failure
definition specified in AASHTO TP 133 (2021). It is worth mentioning that the total volumetric
properties were used in Equati@@?) since this equation was built and calibrated utilizing total
volumetric propertiesand trying the available volumetric properties did not yield a big
difference. The North Carolina local felid caliboa coefficients recommended by the
FHWA\NC\2007%-07 project, and shown ihable34, were also used for Pavement ME
performance predictions. The C1 and C2 in thisetaloé the local transfer function coefficients.

a1 '8"°a 1 %m
N, =0.00432%C aflKiae— 6 e O (5.1)
- | +

a Vbe
4.84%/7- 0.69
C=10 arvee

(5.2)

where:Nt = theallowable number of axle load applications= tensile strain at critical
locations and calculatemy the structural response model (in/if) |= dynamic modulus of the
AC layer (psi) K1, K2, Ks= mix laboratoryderived model coefficient$y, b, brz= local mixture
calibration factorsYye= effective asphalt content by volur(igercen), andVa.= air voids in the
AC mixture perceny.

Table 34. Recommended local calibration factors for North Carolina mixtures(Kim et al.

2011)
Parametelr RecommendeWalue
br1 3.50E05
bro 0.72364
brs 0.6
C1 0.24377
C2 0.24377
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Figure47 depicts the two types of pavement structures used for the pavement
performance predictions, designated as fthick
comprised of an asphalt layer, an unbound aggregate base course layer, and a subgrade. The
simulations were performed using the mechanical properties of each evaluated asphalt mixture.

Climate data from North Carolina that represents the Piedmont region was utilized for all
the pavement simulations. The MERRA climate station 139553 used imthkatons had a
mean annual air temperature of 16.65°C and a mean annual precipitation of 119.61 cm. The
traffic level for the performance simulations in both Pavement ME and FlexBAWE&s 30
million ESALs over 20 years since all the evaluated study nagtwere RS9.5C mixtures which
are specified for roads with 3 to 30 million design ESAlerth Carolina Department of

Transportation 2022)

Thick Structure ThinStructure
n 4 SurfaceAC
(A= 0.30)
SurfaceAC -*

(A= 0.30)

M Aggregate Base Course
(E = 200 MPay= 0.35)

M N lg Aggregate Base Course K Subgrade
(E = 200 MPay= 0.35) Semiinf. (E = 100 MPay= 0.40)
N
. Subgrade
Seminf. (E = 100 MPa= 0.40)

Figure 47. Pavement structures used for Paement ME and FlexPAVE™ simulations.

5.4. Resultsand Findings
5.4.1 Dynamic Modulus Test Results
Dynamic modulus testing was done for all the study mixtures. Fig8ye&®, and50

present the results in ldgg and semlog scales for Plas A, G, and H, respectively. In
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addition, a onavay analysis of variance (ANOVA) with pekBbc Tukey Honest Significant
Difference (HSD) test was used to compare the mean dynamic modulus results at 1 Hz at each
test temperature for the alternative mixtdesigns from a given sourceie Tukey test results

are summarized graphically ligure51. The dynamic modulus of asphalt mixtures generally
decreases as the asphalt content and/or effective binder matrix PG decreases. This trend is
apparent in most of the dynamic modulus resslitavn with a few exceptionBigures48 and

51 show that all Plant A RP mixtures have similar dynamic modulus master curves despite the
fact that the AAMD and COAC mixtures have higher available binder content than the control
mixture as shown iffable32. The Plant A virgin mixture (A/0-C) has significantly lower
dynamic moduli than the RAP mixtures from the same plant, matching expectations due to its
higher available binder content and softer effective binder m&igyres49 and51 show the
control Plant G mixture (&6/5C) has higher dynamic rdali than the other Plant G mixtures,
presumably due to its high RBR and lower binder content than the other mixtures.Zblte G
AAMD mixture exhibits a dynamic modulus that falls between that of #26/5C and G0/0-C
mixtures at 20°C and 40°C but hasimilar dynamic modulus to the@0-C mixture at 4°C
despite having a lower available binder content. TH#GC and G26/5AAMD mixtures

dynamic modulus results are deemed statistically equal aHg@e51 shows that the @6/5
COAC mixture does not differ significantly from-@0-C at 20°C and 40°C, despite available
binder content differences apparentTable32. The Plant H results iRigure50 show that the
H-0/0-C and H50/0-AAMD mixtures have statistically equivalent dynamic moduli. While the
H-50/0-AAMD has a lower available binder content than tR8/BIC mixture, it has a softer
effective binder matrix (as conveyed by the HPG valudabie33) due to the use of a PG-58

28, which may explain the dynamic modulus results. T#858-C and the HB5/0-AAMD have
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equivalent mean dynamic moduli that are higih@n those of the other Plant H mixtures. While
the H35/0AAMD mixture has a higher available binder content than #85K-C mixture, it
also has a higher available DP and different aggregate structure that could have contributed to

the dynamic modukitrends.
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Figure 48. Dynamic modulus results for Plant A: (a) Loglog plot and (b) Semilog plot.
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Figure 49. Dynamic modulus results for Plant G:(a) Log-log plot and (b) Semtlog plot.
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Figure 51. Tukey grouping results summary for dynamic modulus values comparisons at 1
Hz.

5.4.2 Mixture Index and PavementPerformance Prediction Results
All the mixture designs were evaluated for cracking and rutting performance using

IDEAL CT, APA, cyclic fatigue, and Stress Sweep Rutting (SSR) tests. FigRréd, and56

present the results fane control, AAMD, and COAC designs for Plants A, G, and H,

respectively. In addition, Ongay analysis of variance (ANOVA) followed by the Tukey test to
compare the group means, as showRigure58, was conducted to compare the results

statistically and complement the visual comparisons. Inputs from the cyclic fatigue and SSR tests

were then used to simulate the mixtures within thin and thick pavement sectionsefirot d
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traffic load and climate conditions. The specific material factors used to characterize each
evaluated mixture's Pavement ME fatigue model were derived from the respective mixture cyclic
fatigue test results and are showT able35. Figures53, 55, and57 show the predicted lorg

term pavement performance for the thin and thick sections egdlfrain Plants A, G, and H,

respectively.

Table 35. AC fatigue model coefficients utilized forPavementME simulations.

Mix

Pavement ME AC Fatigue Calculated Model Coefficients

K1 K> Ks

A-0/0-C 1.35E+15 6.59E+00 5.60E+00
A-30/0C 1.67E+06 6.85E+00 4.30E+00
A-30/0COAC 2.23E+08 6.94E+00 4.72E+00
A-30/0AAMD 5.04E+07 6.97E+00 4.56E+00
A-50/0AAMD 3.50E+08 7.13E+00 4.80E+00
G-0/0-C 3.04E+15 6.83E+00 5.81E+00
G-26/5C 5.32E02 7.16E+00 3.32E+00
G-26/5COAC 2.34E+14 7.16E+00 5.83E+00
G-26/5>AAMD 1.48E+09 7.40E+00 5.13E+00
H-0/0-C 7.45E+16 7.25E+00 6.29E+00
H-35/0-C 2.41E+06 7.25E+00 4.60E+00
H-35/0AAMD 6.10E+08 7.35E+00 4.97E+00
H-50/0-AAMD 1.91E+16 7.36E+00 6.33E+00

Figures52 and53 showthe Plant A mixture pgormance index and pavement

performance prediction results, respectiveéigure52(a) shows that the Q/0-C mixture
exhibits superior cracking performance when compared to the mixtures that included RAM
based on th€Tingexv al ues, which is attributed to the vi
content and softer effective bindeatnx than the corresponding RAM mixtures. It is also

evident that the COAC (80/0-COAC) and AAMD (A-30/0AAMD, A -50/00AAMD) mixtures

exhibit similarCTindex values that are higher than the38/0-C mixture based on visual

inferences and the Tukey tessuéts. The higheCTingexvalues can be explained by the higher

available binder contents in the COAC and AAMD mixtures compared to the control shown in

Table32 as wdl as the softer effective binder matrix in the case of tHs0/0-AAMD case
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shown inTable33. Furthermorefigure52(a) shows that th€Tingexand Sipp parameters result in
similar rankings among the Plant A mixtures, with @&dexappearing more sensitive to the
effective binder content differences among the mixtures. Wiglérends in meaS.pp and
CTindexalign, theSypp differences among the Plant A mixtures are statistically insignificant.
Figure53(a) shows that the trendstime bottomup cracking pavement performance predictions
align with those for th€Tindexfor the Plant A mixtures in the cases of both the thin and thick
pavement sections considered whereifi/&:C mixture exhibits the least and30/0-C exhibits
the mostbottomup cracking.

Figure52(b) shows that the A/0-C and A30/0-COAC mixtures exhibit similar APA rut
depths that are higher than those for the0f0-C, A-30/0AAMD, and A-50/0-AAMD
mixtures. The control and AAMD mixtures exhibit statistically equal mean APA rut depths.
Mocelinet al. (2023)attributed the similar rut depths in the AAMD and control RAP mixtures to
the superior aggregate structure in the AAMD mixtures. However, the RSI results indicate that
the A-30/0-C and A30/0-COAC mixtures have very similar rutting resistance with the0f0-
AAMD mixture exhibiting the poorest result among the RAP mixtureguire53(b) shows that
the pavement simulation results follow the trends seen in RSI for the Plant A mixtures, which
was expected given that FIexPAVE uses the same test results and associated models that are used
to calculate RSI, with the thick sections exhibiting highedagths than the thin pavement cases

but the same rankings among the mixtures.

131



120 40
-136
100 |- 41132
>
)
o
£
-
(@]
A-0/0-C A-30/0-C  A-30/0-COAC A-30/0-AAMD A-50/0-AAMD
Mix Type
a,
@ |5 CTindex B Sapp|
10
9
8
7
_ 6
%)
m 5
4
3
2
1
0

A-0/0-C A-30/0-C  A-30/0-COAC A-30/0-AAMD A-50/0-AAMD
Mix Type

(b)
[ APA (mm) BRI RS |

Sapp

APA (mm)

Figure 52. Mixtures performance indices for the evaluated mixtures from Plant A: (a)

cracking indices and (b)rutting indices.
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Figure 53. Pavement performance of the simulated pavement sections from Plant A: (a)
bottom-up fatigue crackingand (b) asphalt rutting .

Figuresb4 and55 show the Plant G mixture performance index and pavement
performance prediction results, respectively. The Plant G results shéwgune54(a) and
previously reported bilocelin et al.(2023)indicate that all mixture design alternatives have
distinct CTindexresults, with the &@/0-C mixture displaying the highe€fTindexand the G26/5-C
mixture exhibiting the lowesE Tindex, Which aligns with rankings of the Plant G mixtures in

terms of available binder content. The26/5-COAC mixture exhibits a high&Tindexthan the
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G-26/5AAMD mixture, likely the result of its highrebinder content. In contrast, the26/5

COAC had the highe&,p. However, the Tukey test resuliEdure58) show that the &6/5

COAC Sypp value does not differignificantly from that of the &@/0-C or G26/5AAMD

mixtures. Furthermore, the-@0-C, G-26/5C, and G26/5AAMD mixtures Sypp values do not
differ significantly, indicating all of the observed difference&isp are marginal and aligning

with the PlantA findings thatCTindexresults are more sensitive to mixture design variations than
Seppresults. Also matching findings from Plant A, the Plant G bottigneracking performance
simulation results shown iRigure55(a) provide the same ranking among the mixture design
alternatives as th€Tingexresults for both the thick and thin structures evaluated. Also notable,
Figure55(a) indicates very poor cracking resistance (i.e., complete failure) ofBt#5sC

mixture, indicating the current mixture design practice may result in very poor performance of
RAP/RAS mixtures.

Collectively, the results show that redesignin@&5-C mixture using the AAMD and
COAC approaches led to improved cracking performance based Giithgand bottoraup
cracking prediction results. However, both APA rut depth and the RSI values ne$tdisre
54(b) show that the @6/5COAC mixture has inferior rutting resistance compared to the G
26/5-C mixture whereas the rutting performance for the88B-AAMD mixture remained at the
same level as the-@6/5C mixture. The @6/5COAC mixture exhibits an RSI value
substantially higher than the@0-C mixture. In contrast, the-G/0-C mixture exhibits a higher
APA rut depth than the @6/5COAC mixture. As exg@ined in the methodology section, there
were not enough data to conduct the test on the APA results from thisHidame55(b) shows
that the pavement rutting plietions for the Plant G mixtures follow the same trends as RSI,

with the thick sections exhibiting higher rut depths than the corresponding thin sections. The G
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26/5COAC mixture appeared flushed due to the excessive amount of added virgin binder
without introducing any changes to the design aggregate structure as shainhei®2, which

may explain its poor rutting performance. In contrast, the altered aggregaterstimitche G
26/5-AAMD mixture may explain how it was able to maintain the same rutting resistance as the

control case despite having a higher asphalt content.
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Figure 54. Mixtures performance indices for the evaluated mixtures from Plant G: (a)
cracking indices and (b)rutting indices.
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Figure 55. Pavement performance of the simulated pavement sections from Plant G: (a)
bottom-up fatigue cracking and (b)asphalt rutting .

Figures56 and57 show the Plant H mixture performance index and pavement
performance prediction results, respectiveéigure56(a) shows that the 48/0-C mixture
exhibits the highesE Tindexand Sypp Of the Plant H mixture designs evaluated, matching
expectations based on available binder contents. However, the Tukey test results presented in
Figure58 suggest thapp values of the FB5/0-AAMD and the HO/O-C mixtures do not differ

significantly. Furthermore, th&pp values of the FB5/0-AAMD, H-35/0-C, and H50/0-AAMD
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resulted in the same Tukey grouping, suggesting differencsgpiresults among the Plant H
mixtures are marginal. In contrast, @&ndex values of the Plant H mixtures all differ
significantly, aligning with the findings from the previously presemiedts that indicate the
CTindexiS More sensitive to mixture design variations t8&gp Both AAMD mixtures exhibit
higherCTingex values than the 35/0-C mixture with the H50/0-AAMD mixture showing a
higher value than the-85/0-AAMD mixture. Similarto the Plant A case, the high€Tindex
results of the AAMD mixtures compared to the associated with their higher available content and
softer effective binder matriceBigure57(a) shows that the trends in the bottamcracking
among the Plant H mixtures, obtained from the pavement performance simulations, match those
from theCTingexresults. Pavement simulations indicate thd/BlC and H50/0-AAMD are the
best peforming mixtures in terms of bottommp cracking, followed by FB5/0-AAMD mixture.
Also notable, the performance of the38/0-C mixture in the thin pavement scenario resulted in
very extensive bottorap cracking in the performance prediction, indicatimg ¢urrent practice
may Yyield poor cracking resistance in certain scenarios.

Figure56(b) shows that the 35/0-C and H35/0-AAMD mixtures have very similar
APA rut depths and RSI values, suggesting the superior aggregate structure imparted by the
AAMD method mitigated any negative effects of the additional binder content on the rutting
resistance. However, the 50/0-AAMD mixture exhibits inferior rutting resistancempared to
the H35/0-C and H35/0-AAMD mixtures designed with lower RAP content on the basis of
both APA rut depth and RSI results. The APA rut depth of #x-AAMD and H-0/0-C
mi xtures do not differ signifi ematftAPArutand bot h
depth of 6.5 mm. However, the RSI of thesB/O-AAMD mixture is notably higher than that of

the HO/0-C mixture. Matching trends for the mixture indicEgyure57(b) shows that rut depth
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predictions from the pavement performance simulations for both the thin and thick sections
indicate the H35/0-C and the H35/0-AAMD yield equivalent rutting resistance that is better

than the other Plant H mixturédatching RSI trends, the predicted rut depths suggest that the
H-0/0-C mixture has better rutting resistance than tHsOH-AAMD mixture. It is speculated

that the inferior rutting performance of the38/0cAAMD mixture is due to the use of the PG

58-28 \irgin binder, compared to the PG-82 used in the mixtures with 35 percent RAP and the
elimination of the coarse virgin aggregate stockfikble33 shows the avaable HPG for the
H-50/0-AAMD mixture was 4°C lower than the-B5/0-C mixture. Furthermore, the coarse

virgin aggregate likely has superior shape, angularity, and texture compared to the coarse RAP

particles, which include agglomerated fine particles.
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Figure 56. Mixtures performance indices for the evaluated mixtures from Plant H: (a)

cracking indices and (b)rutting indices.
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(@)

(b)

Figure 57. Pavement performance of the simulated pavement sections from Plat (a)
bottom-up fatigue cracking and (b)asphalt rutting.
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