ABSTRACT

DING, JING. Improve theReliability of a Continuum Damage Modeff Asphalt Mixtureby
Integrating Uncertainty Quantification and Stochastic Moddlungder the directiowf Dr. B.
Shane Underwoqd

The simplified viscoelastic continuum damage modeVE&LD) has become
increasingly recognized as a viable method to mechanistically model the tddigage
resistancef asphalt concretélowever, it operates in a deterministic framework while in actual
practice, there are multiple sources of uncertainty such as specimen preparation errors,
measurement errors which need to be probabilisticalhsideredThe current consideration of
the stochastic nature of the material, thealedprobability design procedure, integrates the
discrepancy between predicted and measured results, including model errors and measurement
errors, intaa single reliability component after the mechanistic model has been deterministically
determinedTherefore there exists a gp between the need of probabilistic design and the
deterministic development of timeechanistianodel.

This dissertation focuses on the development process of mechanistic models and aims at
integratingthe science of uncertainty quantdtion intothe modeprocess in order to separate
and improve model errors and measurement erftwere are four objectivder this dissertation
1) establisharepeatability and reproducibility analysa S-VECD test results, 2) conduct
uncertainty gantification of the S/ECD model, 3) construct alternativariantsbased orthe
original SVECD model that improve the model reliabilignd4) evaluate all the models with
respect to their prediction performance.

In this studya variance index that qutifies the variability of the damage characteristic
curve, a key component ir\EECD model that characterizes the relationship between the

material integrity (stiffness) and the level of damage in the material, was propossahgrated



with the expertydgement of the variation of a set of 9 different asphalt mixtiire=n the
repeatability and reproducibilignalysis of data from Interlaboratory Study was conducted and
the precision limit was established to quantify the acceptable variaticVBC® test results.

Next, uncertainty quantification ahe S-VECD modelusing Markov Chain Monte Carlo
(MCMC) simulationconsidering the dynamic modulus modkmage characteristic model,
failure criterion modehs separate componemiasconducted. Theesults were used ihe
sensitivity analysi$o identify the influential parameters in the/&CD model.

Based on the results from the uncertainty quantification and sensitivity analysis, two
ways to improve the-§¥ECD model vereproposedl) changingthe definition of thealphaterm
and 2)modifying the data fitting algorithm. Thariantmethods for S/ECD model
characterization wernen evaluatetly comparing mixtureafterincorporating the uncertainty
analysis results dhefatigue life predictiondistribution and how it matches with the field results
or engineering judgemeritloreover,the effecs of different methods on repeatability and
reproducibility precision limitsesultswerealso investigated.

In the end, an alternative data fitting alitfum was recommenddtat can better
differentiate the materials and the alternative fixed alpha definition was suggested for mixtures
with high variation of dynamic modulus test resultserall, the findings from this study show
promising results toncorporate the uncertainty analysis and stochastic naturepioving the
reliability of the development of mechanistic models. This framework can be applied to other

mechanistic models particularly those with subjective understandings.
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CHAPTER 1 INTRODUCTION

1.1.Background and ResearciNeeds

Asphat concretecovers over 94 percent of the 2.6 million miles of paved roads in the
Uu.S., between 85 and 90 percent of all runway
over 90 percent of the parking aréas Highway and roads were the fifftargest expenditure in
2018 for state and local governments, where 44 percent went toward operational costs including
maintenance, repair, snow, and ice reai¢¥). A large part of thee fundsvasexpended
because of the eartrackingthat occuredon asphalt paveme(it). Researchers have long been
developing different testing methods to assess the cracking resistance performance of asphalt
mixture (2-5).

Fatigue cracking performance tests can be divided into two grmgps:considering
fracture popagatiorandtests considering fracture initiatiohestsconsidering fracture
propagationinclude Texas Overlay Testf-7) andSemicircular Bending te¢8-11). Bothtests
are simple andive oneindexresult forpass or fail determinatiorlowever, theyare empirical
with highly variable resultsSThey do not evaluate crack initiation acehnotbe used for
performance prediction in real pavement conditibestsconsidering fracture initiatiomclude
FlexuralBending BeamUniaxial Cyclic FatigueTest,IndirectTensionFatigueTest(2,12-14).
These tests are time consuming but can be used to predict fatigue performance of gavement
with an appropriate analytical framewaakd requisiteéransfer function (shifting function)

Along with the fatigue tests, various models of asphalt material have been developed and
adopted in pavement design proceduiraditional practices with respect asphalt concrete
pavements have relied heavily on empirical design procedures and experimental methods that

either require substantial testing to characterize performance laws or provide relatively simple



indices that are guided by simple mechanical eptec Overall, these methods have proven
successful as they readily capture the major behaviors antbcéime most parglistinguish
between very bad materiasad very good materials. However, in the intermediate where
differences between alternativesign and material selections are smaller, these approaches are
not sensitive enough to make optimal decisidiss resultis largely due to the high variability

of the traditional method results and it led to the need of more sophisticated mechaoiczd the
that have a high resolution of differentiating those matei@i® limitation ofthe development

of pavement design modigs in the difficulty of acquiring a good amount of consistent data for
a 10to-30-year period with known model input variablalong the time. It is both costly and

time consuming. Another limitation is thelativelyfastupdat ratefor paving material and
technology, such as the warm mix asphalt and polymer modified agpba8).

With the development aisphalimodelstheimportance ofnodeluncertaintyhas been
recognized as a kepmponenthatcanaffect decisiosregarding the material selection and
pavement design. In the AASHTO 1986 pavement design guide (AASHTO 1986), the concept of
reliability, the probability that a pavement section designed using the process will perform
satisfactorily over the traffic andheironmental conditions for the design pergiden the design
eguation uncertainfywas introduced. More recently, the AASHTO Pavement Mechanistic
Empirical (ME) Design (NCHRP-B7A) procedure has also incorporated the concept of
reliability in the form & empirical adjustment functions that are applied to the predicted
distresses.

In the AASTHO Mechanisti&mpirical Design reliability congregatesll thesources of
uncertainties andrrorsinto a smplified estimated standard errdihese errorsan be divided

into four categoriesl(’): input uncertainties, numeric errors and uncertainties, measurement



errors and uncertainties, and model errors or disnmes The input uncertainties include the
variation of material property along the roadway, the difference of layer thickness between as
designed and asonstructed, the unpredictability of the traffic and climate in the future. The
numeric errors and uedainties include the roundoff, discretization, approximation errors and
bugs or coding errors in the numerical analysis. The measurement errors and uncertainties
include the variation of measured pavement distresses from the equipment and alonglthe teste
pavement section. The model error and discrepancies include bias or systematic uncertainties
from the model assumption and simplificatidvihile the current reliability method easy to

apply, it is highly data drivenit is not able to identify the ingzt of the variation in each

variable, nor can it separate the effect of model error and the measurement error.

Ideally, the ultimate goal of pavement modeling is to predepérformance exactly the
same as measured without even using the transfeidon€he approach to achieving this goal
from the modeling community has been largely addifiee,researcheraddmore and more
detail in thé mechanicamodekto 6 b e trepresend the real worfthysics andundamental
principles To this endyiscoelasticity, onlinearity,aging, healing, moisture damage, etc. are
consideredHowever, as detailed as the model tends to be, it is always less detailed than what
happens in the real worl8urther, f more features are added to the mptlee accuracynay
improve but it may also complicate the model and increase the uncertainty of the prediction
without increasing too much accuracy.

The performance ahodels can be assessed by prediction error, which exhibits how well
the model predistresponse of unseen input data. Prediction error has three components: bias,
variance, and irreducible errak8). Bias is the errathat is introduced by modely areatlife

problem which is usually extremely complicategith a much simpler problenYariance is the



error from sensitivity of the model to a small fluctuation of the experimental data. Irreducible
error is the noise in the data and cannot be estlby changing modelés the model

complexity increases, the variance will generailyreasethebias will decreaseand the
irreducible error remains the san@@nsequently, the prediction error with respect to unseen
input data will decline first and then increase as the increase of model comaitgl
illustrates tls relationship betweeprediction error, biasgndvariance This relationship is
referred to as the biasriance tradeff because it is easy to obtairmodelwith either low bias
but high varianceso called undeparameterizedhodels,or low variancebut high biasso called
overparameterizedhodels The challenge is to find a model with both low bias and low
variance.

The balance of this tradeoff problem for empirical models has been extensively studied in
the statistical field and can be achievethg methods such as cressidation (L9), Akaike
information criteria (AIC) 20), or Bayesian information criteria (BIC2X) to compare
alternative models, which can be quicklynstructed under different model assumptions.
However, mechanistic models are usually developed from natural laws and there are fewer
alternative model options considered. In fact, there have been concerns expressed by some
authors regarding the difficyltof determining the appropriate level of details in mechanistic

model development to avoid ovparameterizingd2,23).
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Figure 1. Relationship betweererror and model complexity.

The development arc of asphalt material models has largely failed to embrace sound
principles of uncertainty. However, considerations about the reliability and stochastic nature of
the material have not been completely missing. For the mostpastanist modeing efforts
for asphalt materialsave beenlevelopedand evaluatedth adeterministiovay to best match the
central tendency of experimental daifter the models established, a probabilistic analysis
may be conducted to identify the mismatattlween the predicted and measured results and all
the difference, or errors, are smeared into the reliability reJiiesefore, thee exists a gp
between the need of probabilistic design and the deterministic developmentrafdi@nistic
model.

This gap can be filledby integrating the science ohcertainty quantificatiomto the
development process in orderseparatand improvenodel erros and measurement ersor
Uncertainty quantification is the science of quantifying the model output un¢eafirsome
aspects of the system are not exactly known. There are several advantages in conducting
uncertainty quantification to theechanistianodek compared to the current reliability

approach:



1 Identify and separate the effect of each error component on the uncertaimty of

mechanistianodelof asphalt material

1 Target the variables or subsystems that can be improved to reduce the model

uncertainty whileretainingthe model prediction accuracy.

1 Separate out the model uncertainty and bias in predicting pavement distress and
gain a deeper knowledge into detecting the unknown or uncharacterized factors that

are causing the unpredictable pavement distress.

1 Instruct the quality control procedure time subsystems that can result in high

model output uncertainty.

1 Ensure robustness and avoid ambiguity in model predictions in assistance with the
decision making for the most cesffective designModels developed without
accounting for uncertainty canedd to inconsistent conclusiondue to

overparameterizatonecause they are essentially

The pavement design model is not an explicit mathematic equation but a combination of
analytical and numerical models that takes tftcomputing time and resourcéiscontains
different subsystems that are also complicated. For exathplsimplified viscoelastic
continuum damage (BECD) fatigue model is one material model to predict the fatigue life of
asphalt mixture under diffent loading and environmental conditions. TRZESCD model
incorporates the timeemperature superposition {6) principle, the elastigiscoelastic
correspondence principles, and the work potential theory to capture the changes in the
constitutive relabnship as fatigue damage accumulates in the material. The experiments related
to this model produce two results. One is the dynamic modulus characterized at different
temperature and frequency in accordance with the AASHTO TP 132 or TP 378 protocol. The
other is the damage characteristic curve that captures the change of material stiffness with the

increase of damage as a result from the AASHTO TP 133 or TP 107 protocol. As a subsystem,



S-VECD model generates the input variables for the pavement desigi. rHodvever,
uncertainty quantification of-§YECD model is not easily conducted due to its functional test
data and integration of multiple test results.

This researclestablishes a framework itmprovethe reliability & mechanistic modshby
integratinguncertainty quantification and stochastic modetmgnswer the following three
guestions:

1 How to quantify the uncertainty of the model regardiegariables?
1 How to improve the model to reduce the uncertainty of the model prediction?

1 How to evaluateand improvehe model with engineering requirements regarding

the accuracy as well as the uncertainty of the model prediction?

This frameworkis develogdusing theS-VECD mode] but can be applied to other
mechanistic models, especially theggere some subjective understanding was encdcsade 1
summaries the existirg) mechanistic modslunder 10 categorigs asphalt pavement
characterizationEach mechanistic model has varidosns and is still under development. The
issue that mechanistic models were developed without considering the prediction uncanthinty
model complexity may rdave beemmportant several decades ago becdhses were only a
few models Those few models were developed uralat of assumptionfor simplification and
werestraightforward in the applicationdowever,with the advanced computing technology and
understanding of thmaterial, noreand more complex mechanistiodels areand will be
developedncorporatingmorenature lawslt entails the methodological advartoeunderstand

the importance afincertainty in thenechanistianodel prediction.



Table 1. Existing mechanisticmodels.

Categories Model description

1 Linear viscoelastic mod€R4)

1 Nonlinear viscoelastic modé25-28)

1 Viscoelastic plastic mod¢p9-31)

1 Aging in material properties or material response chang
(32-35)

1 Aging in constitutive model chand@6-38)

1 Aging in viscosity changé9-41)

1 Steadystate temperature distributioh45)

1 Transient modeling based on theory of heat transfer an
energy balancet6-49)

1 Traffic traction stress and strain mo@&0-53)

1 Traffic load spectrum modéb4-55)

1 Fracture mechanid$6-60)

1 Cumulative damage mod@1-65)

Permanent deformation |  Pavement structur@®6-71)

Mixture material property
model

Mixture aging model

Pavement temperature
prediction model

Traffic load model

Fatigue life prediction mode|

predictionmodel 1 Subgrade soil§72-73)
1 Temperature cracking4-77)
Cracking model 1 Reflective cracking78-80)

1 Top-down cracking §1-83)
Pavement roughness mode  Vehiclepavement interactior84-86)
Moisture damage 1 Adhesive and cohesive damag&-89)
Micromechanics model | 1 Composite systen9(-94)

1.2. Scope and Obijectives
The overall objective is to establish a framework to quantify the uncertainty of
mechanistic models and improve tlediability of themodel by integrating the uncertainty and
stochasticity during the development procd@sss framework is built using-SECD as a
platform but can be replaced with other mechanistic models.
The specific objectives to build the framework are as follows:
1 Establish theepeatability and reproducibilignalysisn S'VECD testresults

1 Conduct uncertainty quantification of thev&CD model.



1 Construct alternative models based on originr¥EXCD model that could possibly improve

the model reliability
1 Evaluateall the modelsvith respect to their prediction performance.
1.3.Dissertation Outline
The dissertation consists wihe chapters describing ietailthe concluding remarks
from the overall research plan and recommendation for future research. Each chapter is
summarized in the followingAn overall schematic of the dissertation is preseimtédtgure2.

1 Chapter lintroductioni Provides an overall introduction to the research background and
need for the research undertakttralso describes the researabjectives andjives an

overall outline of the dissertation.

1 Chapter 2Literature Review Reviews theexisting models for the fatigue performance
prediction of asphalt materials attie development history of-8ECD model. It also
presents the currentusty on reliability analysis conducted in pavement engineering. Then

it reviews thdunctional data analysis and techniques used in uncertainty quantification.

1 Chapter 3Development of Variation Index for-& Curve Resulis Proposes a variation
index to quantitatively characterize the variation ofV&ECD model 6s dan

characteristic function for further analysis.

1 Chapterd: Repeatability and Reproducibility AnalysisCollecs testresultsof S VECD
tests from multiple latratories/users on theame material and data from multiple material

sourceslt presentghe repeatability and reproducibility linof S-VECD test results.

1 Chapter5: Uncertainty Quantification of &YECD Modeli Constructs the uncertainty
guantification analysis of -§ECD modé assunng independence between dynamic
modulus modeldamage characteristicsirve and failure criterion modednd considers

dynamic modulus model using sigmoidal form.

1 Chapter 6Sensitivity Analysis of-BECD Modeli Identifies the influential parameters in
S'VECD model through sensitivity analysis based on the results fronurtbetainty

guantification.



1 Chapter7: Improving SVECD Modeli lllustratestwo ways to improve the -SECD
model One isthroughredefining thecalculation ofdamage growthmate (alpha)and the
other through changing data fitting algorithmg parameter estimatiomf damage

characteristic curve

1 Chapte8: Evaluation of Different Methodsf Characterizing S/ECD Modeli Evaluates
different methds for characterizing th&VECD modelby first predicting the fatigue
behaviors for mixtures after consideririge total uncertaintyand comparing these
predictions withhow well they matches with field results or engineering judgemeit.

recommendation on improved\ECD model was made.

1 Chapter9: Conclusion and Future WoikProvides a summary of conclusions drawn from

this research and discusses the scope of future work.
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Figure 2. Schematic otthe overall research
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CHAPTER 2 LITERATURE REVIEW

Understandinghte development of fatigue performance model of asphalt majeres
insightsin how and where tamprove the modelThis chapter first reviews different fatigue
performance models used for asphalt mixtditeen it gives a detailed review on the history of
the development of-SECD modeland reliability analysis in asphalt mixture modelimgese
background gpports theroposition of alternative ¥ ECD modelsFinally, it reviewsthe
uncertainty quantification and functional data analisifiniquesitilized in different
mechanistic models in different ared@bey are reviewetbr the legitimacy of thenethoalogy
usedin this study.
2.1. Fatigue Performance Model of Asphalt Mixture

Fatigue is considered to develop in three phases including cracking initiation, stable crack
growth, and unstable crack propagatidhere are three main methodologies used for cracking
prediction: 6) empirical method,k) fracture mechanics, and) (continuum damage mechanics.
The enpirical method is thenost usedindhas been in development and aseeHveem(1)
proposed thdttigue cracking was thmajor form of distress on asphalt pavement with high
traffic loads.Fracture mechanidsased modelsonsider location and geometry of macro crack
and characterize crack propagation. Continuum damage based amsiatses cracks are well
distributed and small and can be quantified based on the reduction in effective stiffness.
2.1.1.Empirical Models

Laboratoryexperiments that aim at characterizing the fatigue resistance properties of
asphalt concrete under different types of repetitive loading were condyctied pilot
researcher&-5). Deacon andvonismith ) found out the model of lakng, either controlled

stress or controlledtrain has a strong influence on the fatigue life results. For repetitive loading
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with controlledstressspecimens with the largest initial stiffness moduli tend to perform better
while the reverse is true fawading with controlleestrain.Raithby(3) discovered that strain
recovery during the rest periods results in longer fatigue life under simple lokttirigjvaney

and Pell 4) identifiedthe beneficial effet of rest periods between successive blocks of loading
cyclesunder repetitive loading the level of damage incurred between the rest period does not
exceed a certain levéVlonismith (6) and Pell(7) developed the empirical models to predict
fatigue life of asphalt concreten t he 1 9 6 Qgngeithernthed tedsOsitandr the

tensile stresfor controlled strain tests and controlled stress éssshown in Equatiof2.1) and

Equation(2.2), respectively

a1 ¢
N = Age— ¢ (2.1)
¢&
a1 ¢
Ni=Cax— ¢ (2.2)
¢St =+
where
Nt = numbe of cycles to failure,
V] = tensile strain,
Ch = tensile stress, and

A,B,C,D = material constants.

The limitation of these models is that they can only be applied to the environmental,
material, and loading conditions that were usechtdbrate the model$n an attempt to account
for the effects of loading frequency and temperature, several studies have tried to add a mixture
stiffness term&-12) and the more generalized model was developed in EquatB)nAlmost

all these models were developed assuming that the fatigue crack initiates from the bottom of the
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asphalt layer and propagated into the surfabes assumption may not holdth thick asphalt

layers (greater than 25 cm).
N, =K (g)*(E)* 2.3)

where

E = stiffness of asphalt mixtuend

K1,K2,Ks = materialconstants.

Even though tb empirical models have been established to predict the fatigue life of
asphalt material, Wwas wellrecognizedhat the fatigue behavior more of a stochastic rather
than deterministic phenomenon due to the variability observed fatthae testind2, 5-7,13
17). Details of the slectedmodels developed based on Equat@i) aredescribed as
following.
2.1.1.1.Asphalt Institute

Finn et al(9) determinedhe values oK, Kz, Kz in Equation(2.3) for the laboratory
fatigue prediction radel based on contrgkress four point bending fatigue test dataenthis
laboratory fatigue prediction model wealibratedusing the field data from American
Association of State Highway Officials (AASHT@)ad test section&quation(2.4) represents

thefield fatigue prediction model calibrated with 45% of whpath cracking.
N, =18.4 30.00432 (®) **" (E) ™™ (2.4)

Asphalt Institute 10) adoptedequation (2.4) and modified by adding a correction factor
to account for the volumetric properties of the mixtdige final model is shown from Equation

(2.5) to (2.7).

-0.854

N, =18.4 30.00432€ (&)°**" (E} (2.5)

C =10" (2.6)
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o

a vV

M =4.8 e -0.69 2.7

where
Vbe = effective binder content (%&nd
Va = air void(%).

2.1.1.2.Shell International
Shell International Petroleum Compaatgveloped a fatigue prediction model similar to

that of the Asphalt Institute shown in Equat{@®8) in 1978 (L1). In 1980, separate equations

were developed to predict the tensile strain for both constant stress and constant strain test

conditions by Bonnaeret al {2) using 146 fatigue curves from five European laboratpries
presentedn Equation(2.9) and(2.10), respectivelyTherefore, the fatigue lifen Equation(2.8)

can be predicted using onyarameters dPl, Vs, andEmix.

N, =0.0685%g) > (&) =™ (2.8)
e =(4.102PI -Q20%IV, 409¢ 27807 E3* N% (2.9)
g =(0.300P1 -Q01PIV, 08¢ 0198 E3*® N (2.10
where
Pl = penetration index,
Vb = percentage of asphalt volume in the mixtarej
Emix = stiffness modulus of the mixture, NIm

In 2000, Witczak and Mirzal@) included a sigmoidal function of asphalt layer thickness

to account for the different loading conditions, either constant stress or constant strain, under

either hick or thin asphalt pavementhown in Equatiof2.12). Thewholemodel is presented

from Equation(2.11) to (2.13).
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Nf=F 3K: (g)°(E)™ (2.11)

- 1+(1390& °¢) -1

e (212
K, =[0.0252°1 +0.00126°1(V,)- 0.0167 (2.13)
where
E = dynamic modulus of asphalt layer, psi,
Vbe = effective asphalt volume content, %, and
hac = thickness of asphalt layer, inches.

2.1.1.3.Cost Allocation Studfor FHWA

Rauhut et al(19) reviewed twelve fatigue relationships available in the literature from
previous studies, selected the typical fatigue curve and modifiedejptesent the specific
mixturestiffness He found out that the fatigue constadisandK> were related for may of the
fatigue relationships developed using both constant strain and constant stre$hitests.

relationship was used to develop a more general fatigue curve stoowBquation(2.14) to

(2.16).
N, = K,(g)"* (2.14)
S8E §°
K, = Kin@—8 (2.15
C=Rrr +
K, =1.75 -0 252Log( K,) (2.16)
where
Kir = 7.87x107, representing the reference fatigue coefficient determined from

fatigue studies at a reference temperatur2 df. ,1 e C

28



E = the total resilient modulus measured with the indirect tensile test at a
specific test temperature, pand
Err =500,000 psirepresentinghe reference total resilient modulus for a test
temperatureo?2 1 . .1 e C
The fatigue relationship was theanvertedo predict the percent area cracking using
over 40 test sections from roadways around the U3, ghown in Equatiof2.17) to (2.18) .

This equation is applicable to fatigue cracking areas from 0 percent to 50 percent.

A =0.19 e }*™) (2.17)
DI(t) = @ (218
Nf
where
n(t) = number of actual cumulative equivalent single axles loads with time, t.
Ac = Area with fatigue cracking, percent of wheel path area.
DI(t) = Damage index with time, t.

2.1.1.4.Other Studies

Other than using the tensile straditjgue lifepredictionof flexible pavementsith the
surface deflectioi20) have also been studisthcethe deformation is easy to obtailh was
found thathe plateau value gberformance deformation ratio, which represents the difference
between performance defoations in two successive loading cycles be used to predict the
fatigue life
2.1.2.Fracture Mechanics

In fracturemechanicsthe crack propagation rate is dependent on the initial sizangf fl

loading and boundary condition, inducgtdessand fracture toughness of the matefzd). A
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crack will grow when the reduction of potential energy due to qgaoWth is greater than or
equal to the increase of surface energy due to the new free surfatfdh. (@2) first developed
this fundamental concept of linear glagracture mechanicandintroducedenergy release rate
The typical application of Griffth theory is the through crack in a plate under tesbiown in
Figure3. Assuming plane stress, the energy release rate can be caloculatpdtion(2.19).
Therefoe, the failure stress can be calculatdenthe crack release rate equals the surface

energy increase.

G= psa (2.19)
E
where
a = tensile stress,
E = Youngo6sandnodul us,
a = crack length.

The quantit)(s\/ﬁ) was then combined into one variable called thesstintensity
factor,K, which characterizes the load around a crackrip96l, P.C. Paridirst introduced the
idea thathe rate of crack growth dependent on the stress intensity factorL at er on, Par
(23) was developed toalculate the rate of growth of a fatigue craa& shown in Equation
(2.20). Apart from the crack growth under tension, the crack growth under shear mode and tear

mode were also investigated and the stress intensity factor shares differefi4orm

da n
N A(K) (2.20)
where
N = number of loadingepetitions,
An = fracture constantsnd
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K = stress intensity factor.

TAPNgy

Figure 3. Through crack of length 2ain a plate under tension.

There are several studiesnductedegarding the selection of parametarandn.
SchaperyZ5) recommended using the slope of the log creep compliance curve to estimate
Majidzadeh 26) suggested calculatimyvalue with respect to the indirect tensile strength, the
complex modulus, and the fracture toughness. Mole2aadéveloped the relationship between
parameteA and other asphalt mixture properties, including tensile strength, stiffness, and

As part of the original SHRP workytton (28) separated crack initiation and crack
propagation angroposed using the Paris law to determine the number of loading applications
required to propagate a crack of initial lenggfio the surface, as shown in Equat{@®1). The
parameteré andn are computed in Equatidnas ed on Sc {2)@mredexetdedby heor y
Lytton (29), becaus@o testsresults were available for evaluating A anfitam tests offield

cores.

=z

-DII
I
2

S|

(2.22)

WO
Bl
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where

Nrp = number of load applications to propagate a crack of initial leagtky the
surface,
hac = asphalt layer thicknesand
o = initial crack length
a8y
n= 2.22
gea i) (2.22)
log A=loga & logDh & logs, (2.23
2. m
D(t)=D, D" (2.24)
where
D(t) = creep compliance,

Do,D;,m = parameters in the power law expression of the creep compliance
O = tensile strength of the mixture, and
aotoas = five constants to be derived from the calibration of the model.
Variousforms oflaboratoryexperiments have also been develofecharacterize the
asphalt mixture properties\( n) in fracture propagation. The most common tests include Indirect
Tension Testing30, 31), Texas Overlay TesteB2, 33), and Semicircular Bending Beal@
37). Indirect Tension Testing uses a di&laped asphalt mixture sample with constant rate
loading. The load and corresponding dafation results are used to measure the fracture energy
and tensile strength of asphalt mixtures. Texas Overlay Test is a quick procedure to detect the
fracture property of asphalt mixture with a triangular cyclic pattern loading. It mimics the

reflectivecracking and provides a quick pass or fail test. However, it is difficult to predict the

performancef different loading and environmental conditiarsng theindexbased test results.
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Semicircular Bending test uses semicircular -dgisped samples withpredefined notch and
monotonic loading. The test results can be used to measure the fracture toughness, energy
dissipation rate, stress intensity factor, and fracture energy. However, the test does not evaluate
crack initiation and the loading rate does reflect the field traffic loading rate.
2.1.3.Continuum Damag®lechanics

The original concept a€ontinuum Damage Mechanic€[DM) was introduced by
Kachanov in 195838), and it was further developed by HWBYJ. The key difference between
CDM and fracture mechanicsthat CDM considers the crack initiatiavloreover, it is assumed
in CDM that he distributed defects in the material not only lead to the crack initiation and the
final fracture, but also induces the material damage, presented as the decrease of material
integrity such as stiffness, strength, rigidity, toughnasdstability.

In characterizing asphalt material, CDM is uséahg with linear viscoelasticity, the-so
calledViscoelastic Continuum Damage (VECD) model. The VECD mudesidevelopedased
on work potential theory, material thermodynamics and elagsicoelastic correspondence
principal. Schaery (40) proposedhe elastieviscoelastic correspondence princitiat can be
applied to both linear and nonlinear viscoelastic mateiféle.fundamental concept of VECD
method is to separate the damagguced stiffness decreagem the viscoelasticitypbased
stiffnesschangethus thedamage deterioration can be directly interprei@och and Little (41)
first i mplemented Schapelaterflee andhKe@dd) igtroduced o a s p h
thechain rule andjuantified the damage of asphalt mixture using the intelarakbgestate
variableS This derivationenabled characterizing the fatigue damage of asphalt mixture using
VECD model with uniaxial tensile cyclic loading teBaniel and Kim(43) furthered this work

and bund out thathe relationship between the stiffness and the internal damage state is a
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material propertyegardless the model of loading arah be determined using constant
crosshead rate monotonic test.

VECD modelingshows promising results predictng fatigue life of asphalt mixtures
subjected to constant rate loading conditions. Howelredamage calculatioof VECD model
when it comes to cyclic loading fatigue test, which represents the traffic loading on the
pavement, becomes computationaipensive angusceptible to errortinderwood(44)
addresse this issue by developing a\&=CD model The SVECD modelcalculates théirst
half cycleexactlythesame as the regular VECD equation with complete pseudo strain and the
following cycles with a simplified versioaf VECD thatapproximates pseudo strafeveral
studies have successfully applieECD to characterize fatigue behavior of asphalt mixtures
with RAP and RAS45, 46). A detailedreviewof S-'VECD equations andamage curve
development are presented in the redtion
2.2.SVECD Model
2.2.1.Model Summary

The summary of the-S8ECD model and how the experimental data are generated and
used to characterize the material propargpresented in this section. TheV&ECD model has
three components: 1) the linear viscoelastic property, characterizgehéyit modulus or
relaxation modulus; 2) damage characteristic cud+& ¢urve); and 3) failure criterioD®.

The dynamic modulus test and cyclic fatigue test are conducted to generate the
experimental data to characterize th¢EBCD model parameters fasphalt mixturesThe
measured data from the dynamic modulus test are the dynamic modulus and phase angle at
different temperature and frequency combinaidie measured data from the cyclic fatigue

test are the stress and strain with time under thiicdgading.
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The measured dynamic modulus is then fitted in a sigmoidal function or 2S2P1D
function to generate the relaxation modufif§ using collocation method!7). The damge
growth rateUis calculated using the maximum Himy slope of the relaxation modulus curve.

The C-Scurvedepicts the constitutive relationship of the material as damage
accumulatesThe work potential theory is applied as the governing damage evolatvto

derive theC-Scurve as shown fronkEquation(2.25) to (2.28).

R = EiR "ij(t )‘% d (2.26)
wr=1c @")’ 2.27)
2
s= “WRR < & (2.29)
ne
where
E(t) = linear viscoelastic relaxation modujus
t = loading time,
U = integration term
U = strain
ER = reference modulus (typically taken as 1) used for dimensional compatibility
R = pseudo strain
C = pseudo stiffness
WR = pseudo strain energy

Co

= stress
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S = internal state variable representing damagpel

U = damage growth rate characterized from linear viscoelastic property.

The regulalC-Scurve formulation becomes computationally challenging and prone to
additional errorsvith cyclic loading fatigue tests. Therefoeesimplified version of the model
charaterization so called S/ECD, was propose4). It consists othe transient step and the
simplified steady step in calculati®@andSin the modelpresented frorkquation(2.29) to
(2.33).

First cycle(transient step):

S

C= —_— 2.29
efMMR (229
€2 DMR[ g\2 %4
DS %'%T( B (c 6. o ( kP2t G G¢ (2.30)
: 0 G>G.,
de_ 1 (2.31)
dN red
Simplified Steady step
?b — speak+ svalley
I ‘speak + svaIIeJ
i
160 = 6% [E*fe (232
i
A b+1
leR=2 =
'Il\ ta 2 %
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é s
EC*:eR*gMR
| pp
L &3 DMR, ave % y
TDSn ::?T(eta) (C*n -C*n-l) 9 ( UQ) a+1(K1) a n a ni
’:\ ,:\ 0 C *n >C* n-1 (233)
fdt_ 1
T dN fred
1[ fo=f ag™ Ta) 8T %)
where
C* = simplified pseudo stiffness in steady step
DMR = dynamic modulus ratjo
tr =reduced timge
fred =reduced frequengy
f =loading frequency,
a,a = shift factor coefficients,
Tref =referencd e mper at ur e, 21. 1eC,
T = temperature for fatigue testing,
N = loading cycles
b = a factor quantifying the tensile loading time
Cpeak Chvalley = peak and valley value of the stress
Gp = peakto-peak strairamplitude
Rop = pseudqeakto-peak strairamplitude
Ra = pseudo tensiosatrainamplitude
|E*|lLve = dynamic modulus value at the temperature and frequency of the cyclic

fatigue testing
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o

Upp = peak to peak stress amplityudad

K1 = loading shape factor.

TheC andSvariables have a unique relationship that is independent of the loading mode,
loading amplitude, and loading temperature. The graphical expression of this relationship is
called the damage characteristic curve. Equd2d@) presents the powdaw relationship

betweenC andS (48).
c(g)=1-G, ¢ (2.34)

where

Ci1, Ci2  =model coefficients.

The failure criteriorDR is defined based on observations that the average loss of
integrity, DR, is constant regardless of the loading mode, loading amplitude, and temperature
(49). It wasdeveloped in comparison with a previous failure crite@5r(50, 51), but better in

terms of its ability to predict without extrapolation and less required number of tests.

FNJNf (- C)dN  cum@- C)

DR = N N, (2.39
where
DR = failure criterion
Nt = number of load cycles at failure.

After the model coefficients are obtained, the number of cycle to failure under a-control

strain cyclic fatigue testan be determineasing Equatior{2.36).

1-aC, +a o
1-aCy, +a 3 _ 5 C a g
(DR) c aC,+1 -aC, & O & foq @ (23§

S ®@ac, 49 moac, +ice) (B Bk

N, =
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An index parameter calle®pp has been developed to evaluate the fatigue resistance of an
asphalt mixture based orR\E&ECD theory, as shown in Equati¢237) (52). The value of the

index usually varies betweersD (G3), and a highe&pp value indicates better fatigue resistance.

1

fﬂ’”"
o=

Sip =1000° Jl— (2.37)
Ef:

2.2.2.Damage Growth RatéJ\/alue)

The value oUJin the SVECD model isrela@t o t he materi al 6s creep
properties derived from mechanics and sound mathematical principles. It is chosé&h to be
=1+1/mor U=1/m, dependent on the characteristics of the failure zone at the crack tip,;where
is the slope of the linearviso el asti c response on time in a |o
fracture energy and failure stress are constémt+1/i; if the fracture energy and fracture
process zone are constadt1/m. Figure4 shows a typical opemode crack schematic where
the shades represent the failure zdvere details regarding tharigin of alpha definition will be

discussed in the following sections.

————
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| .7  Wake of damaged N
\ / material from growing '\
\

\
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e - | Cy (closed contour)

Figure 4. Cross section of a crack in the materia{25)
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In order toverify the selection oflvalug at least two data sets that have différe
stress/strain levels are requiréidUis a true material constant, two different ldadel data
should fall on the sam@-Scurve. When there is a discrepancy between the two curvds, the
value may be adjusted to achieve a good m&iéh (

Lee 65) implemented the theory on asphalt mixture material under controlled crosshead
strain (CX) test and controlled stress (CS) test. It was found that for CXUedts1mis
selected for bettezurve collapse while for CS tests, an optimikitirough triatanderror that is
close toU=1/mis recommended. This result is supported by Dab®@)lfor the CXtests,
Underwood §7) for the CS tests, and UnderwodsB) for both testsChehab $9) conducted the
constant crosshead rate test and concluded thekvleie of 1 yields the best collapse among
the curves foC versusS

The damage @lution law shown in Equatiof2.25) was guided by the microcrack
growth equationg0-62) in Equation(2.38) based on a more general ragpe evolution law for

internal state variables as Equat{@89) (62),

a=KF (2.39)
dd—stf“ =A(S)F(f), m42..M (2.39
f.t -W/ S} (2.40)
where
a = crack length
K, U = positive constants
a = Jintegral 61) or energy release raté(; 62),
Sn = internal variablesand
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Fm = usually a strongly increasing function of the associated thermodynamic
forcefm.
2.2.2.1.Crack growth rate regarding J integral

Equation(2.41) represents the fundamtal equation for predicting crack growth rate

(63),
E.D(kg/ a1 J,=2 ( (241
UN
g=%| (2.42)
Sul |l
where
) = failure zone (nominated &$in 63, shown inFigure4),
k = a positive factor weakly related to the linear response preger
Jv = Jintegral
a = fracture energy
O = tensile stress distribution as the reaction of the failure zone on the

surrounding continuum

Um = failure stressmaximum oftk along the failure zone on the surrounding
continuum as shown irFigure5,

It = adimensionless integral regarding the failure stress distributitrein
failure zone and

N = nonlinearity coefficient.
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Figure 5. Normal stress distribution along crack plane(25)

To derivethe microcrack growtpower law functiona smaliscale failure zone is first
assumed. Then the creep compliance of the material is expressed as a power law in time without
aging, & shown in Equatio(R.43).

D(t-¢) Dt " (2.43)

Ingeneral, thédmand G may depend on crack spimed and
and 0 are constant, the microc@3B)ckwhelnwt b=r at
andU=1+1lm. Ifoand O ar e c o(@4ltpeedictsU=1/nE Ghe Bresilts from
experimental data on a globally linear elastomer was shown to be consistent with the assumption
of constantima n din tiiieory 64).
2.2.2.2.Crack growth rate regarding the stress intensity factor

First of all, for the linear problem, Schape®g) presented the relationship between

integral and stress intensity factor as Equatib#d),

J, =@ 7M)K7/E (244
where
K1 = the openingmode stress intensity factor akel ¢ No,
No =the local stress intensity factor

42



E =Youngo6s ,anbdul us
g =Poi ssonb6és ratio.
Therefore,J is directly proportional tdNo?, shownas
J, ~ NS (2.45)
Schapery§5) also developed the crack growth rate with regard to the local stress

intensity factoMo. The governing equations for crack growth is shéwwm Equation(2.46) to

(2.48).
U ga) = 249
PN,
C.(H=Ct (2.47)
5\
= 2.48
g P (248
where
l1 = a dimensionless integtal
Cv = compliance functiopand
an!/" = equalsk in Equation(2.41) which is a very weak function of the slope
Then, the crack growth rate can be solved explicitly as Equié®9).
e 2 ]’(n
a=tSPNe 1 (2.49
i 4G y

fdnand G ar e c ons tomEdquation2#49ecantba substituted with o n e

Equation(2.48), and yield

1Un
‘eC1/ ] ﬁn+1 u NOZ(l aih)

2,50
4G ysmzlf (250

a=

Thus,
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a____ N02(1+1/n) - J\jl.'\‘l/ﬂ (251)
Ifoandi ar e cons(2dMshgqws Equat i on
a~ N2 ~ gin (2.52)

This power law function of crack growth rate was applied in asphalt con6ggte (
regarding fneffectiveo stress ibF2(ledindwasysedf act or
with asphalt bindemE&l, thusb=4) , r at her t h anrO.5atmgb¥6ptomatcboncr et ¢
the experiment results. However, the experiment results were conducted with repeated load
cycles instead of displacement conti@,(67). It might be more appropriate to assume the
failure zoneoand fractureenergy ar e constant , Owandhracture éenbrgyn f ai |
G are constant. | nwouldhhbe2/nwhelsresults irbh. Althqughw st v al ue
does not perfectly describe the experiment results wihewes shown to be less than 4, it can be
due to the lack of known failure zone size relative to microstructure dimension.

In the end, it shows th#he crack growth rate function with regard to eithartegral or
local stress intensity factor give the same power value fun¢fi@never, it should also be noted
that experimentally determined valuedbhay also be helpful in determining failurenzo
characteristics and guiding theoretic model development.
2.2.3.Variance of the S/ECD Test Results

Mechanical properties of a material, such as the modulus of elasticity, tensile strength,
elongation, and so on, are alwaysracterized by experiments. Multiple test replicates are
usually required in the experiment procedure to reduce the effect of measurement error, which is
the difference between a measured value of a quantity and the true value. The variance of these
testresults is usually an indicator of the measurement error and can be used to determine the

familiarity of the users conducting the test, identify the sensitivity of the experiment procedure,
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compare the equality of two test results, establish Monte Camrplgg, or do error propagation

in uncertainty analysis. The current way to calculate sample variance for univariate data is to
calculate the average of the squared differences from the mean. It is a standard way to measure
how far a set of numbers araspd out from their average value.

However,materal fatigue models usually yield responses that exhibit time dependence.
As stated in the- ¥’ ECD model summary, the main results from tR&ECD test are the
dynamic modulus mastercurv@;Scurve, and the failure criteridd® value. Among the three
results, the former two both have the functional flaiaa expressed as a relationship.

If these results are considered as univariate data, then the statistical analysis, such as
analysis of vaance (ANOVA test) must be applied at the same temperature and frequency for
dynamic modulus or same damage condif®walue)for C-Scurve, as conducted on univariate
data of specific gravity, mixture volumetrics and so @870).

For the dynamic modulus data, researchers have generally focused on analyzing one
temperaturerad frequency combinatior? {-73), which ignores the information regarditige
inherent relationship between different temperature and frequency. Others have performed an
ANOVA test on each measured temperature and frequ&dcys), which generates lots of
information and can lead to contradictory conclusions. Bonagqiss{udied the precision of
the dynamic modulus conducted with the Asphalt Mixture Performance Tester and implemented
ASTM E691 (2003), AStandard Practice for Cond
the Precision of a Test Meh o(dr)) on the data for each combination of temperature and
frequency.

For the damage characteristic curve, little analysis has been conducted to quantitatively

characterize the variation of the results or develop a precision statement due to lack of theory.
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Researchers have focused mainly on the variation of fatigue life prediction of asphalt material
from SVECD model incorporating the dynamic modulus and danchgeacteristic curve

ignoring the fact that the damage characteristic curve is the fundamental mechanical property of
the material 78-81).

While univariate approaches prevail, these data can be treated as multivariate data for the
purposes of analysis if each combination of temperature and frequency or damage condition is
treated as one variabl82). However, this treatment ignores the fact that the underlying
measured material property is a curve and can encounter difficulties dtdhpalnts are not
evenly distributed, not the same across different subjects/specimens, or larger than the number of
subjects/specimen8J).

2.3. Reliability Analysis

The reliability of mechanistic approacheslifficult to characterize&ompared with
empirical approachds asphalt pavemertesign With empirical approaches, traditional
statistical analyses become straightforward since they any ligta driven and by their very
nature provide sufficient information to characterize the distribution function of any residual
error between the empirical function and the measured perforndecbanistiapproaches are
generally associated with lesgdl data (since more effort is needed to characterize material
inputs). However, even when sufficient data do exist, the analysis is not straightforward because
to be rigorous one must consider separately the uncertainty of the material model, thelstructu
model, the input parameters, and thaénvice performance measures.

The reliability concept hdseenapplied into different pavement design approachBés (

88). What little research does exist into these questions has largely focused on the question of

material model uncertainty. Car®9) presented a methodology that includes the uncertainty of
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material properties as part of the mechanical response of pavement structures.2jowik (
characterized the measurement uncertainty for stiffness modulus of asphalt mixture using
indirect tension method. Ren@lf discussed the uncertainty in interconversion methods from
dynamic modulus test results to creep compliance and relaxation modulus. Gugipstlidied
the reliability of fatigue predictions i8VECD Model given the variation in input parameters.
Kassem 92) used first order approximation and Monte Carlo simulations to characterize the
uncertainty of the linear viscoelastic (LVE) functions and damage characteristic curves of the
ViscoElastoPlastic (VEP) behavior of asphalt mixtures.

While thelatter two studies have taken to directly assessing the uncertainty in parametric
estimation in the continuum damage models, their techniques represent basic approaches that are
known to have limitations9@). In these approaches, the parameters were subjectively assumed
to be independent with each other and assumed to follow a certain distribution of the observed
data without further robust analysis. Thus, theseagmghes have only used the forward
uncertainty propagation method to quantify the uncertainties in system outputs propagated from
uncertain inputs while the uncertain inputs are selected somewhat arbitrarily
2.4.Functional Data Analysis

There are three matechniques dealing with data that changes with:timee series
analysig(TSA), longitudinal data analysis (LDA), and functional data analysis (FDi)e
series dataequires data points to be recorded at consistent intervals over a set period of time
rather than intermittently or randomlit.is also necessary for TSA ddtahave a large number
of data points to ensure consistency and reliability, thus a representative samplieesinest
common applications of TSA data include weather data, rainEdsarements, heart rate

monitoring data, stock prices, interest ratesigitudinal datas data collected through a series
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of repeated observations of the same subjects over some extended timé feansedto track

the pastchangeand predicthe fuure change based on the observed dratactional datas

defined as fAmul tivari at e94dTheredorepfunttibnaldata or der i n
includes longitudinal data bhias a broader definition than longitudinal d#taonsists of

curves varying over a continuum not only time, but also frequevevelengthspatial location,

etc.

FDA is a branch o$tatistics that analyzes datéh information regarding curves,
surfaces, or anything else over a continutihretechniquan FDA is built on longitudinal and
multivariate methodsThere are four maidifferencesbetween FDA and LDA: (a) FDA requires
no parametric assumption on the underlying process while LDA does; (b) missing data is not
very important in FIA but very important in LDA; (c) FDA aims at subject specific trajectories
while LDA aims onlyat future inference; (dhe sample design for FDA is typically high
frequency while for LDAsparseandmoreirregular.

Themost usedechniques in FDA include Functional Principal Component Anslysi
(FPCA)for dimension reductioandfunctional linear rgression models with functional ddta
response or covariates both R has various packageasailable for FDA, among which
refund (95) is used for regression with functional ddti (96) is used for functional data
analysisfpca (97) used for functional principal component analysis.

In this dissertationt is argued more broadly thay definitionthedynamic mastercurve
and damage charactercsturved at a can be tr e aintidcasesfun&ibnalnct i on
data analysis (FDA), a branch of statistics that analyzes data that provide information regarding
curves, surfaces, or anything else over a continuum, offers a more accurate fiafrawo

which to assess variation in the test outcorf8s Howeverthere are still knowledge gaps that
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need to be addressed becausectiadoption of FDA is nawell suited tathese dataFirst, the
core technique of FDA lies in its nonparametric smoothing of the data points and thus adds the
complexity of analysis of variance. The dynamic modulus and damage characteristic curve data,
on the other hand, usuallyearepresented by fitted functions for further analysis. Second, the
way of calculating average for different replicates is different. In FDA, the average of multiple
replicates is calculated as the mean value at different sampling points, while i E@€L5
analysis, the average is a fitted curve including data points of all the replicates. Third, there is no
developed framework atpeatability and reproducibilifgrecision statement in FDA theory.
2.5. Uncertainty Quantification
2.5.1.1.Markov Chain Monté&€arlo (MCMC) method

A general expression for a system where modeling and measurement errors behave as a
random variablel) are unbiased, independent, and identically distribiiiesl, eacHifollows

the same probability distribution, is shown in Eqo2.53).

=f (Q) &,i 12...n (253
where | = measurement
fi = model function
Q = parameters

fi(Q) = parameteddependent model responsad
U = measurement errors.

Characterization involves estimating the parame€@raccording to a distribution so that
the model best estimates the measurements. Two approaches exist to estimate these parameters,
the Bayesian inference and the Frequentist inference.

Traditionally,material models are characterized from the frequentist perspective where

parameters are considered to be unknown but fixed and are thus deterministic. Since they are
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fixed, confidence intervals can be constructed in frequentist inference for paramstatagsti

based on assumptions of normality for errors. The confidence intervals in the framework of
frequentist inferenchavethe following interpretation: if a 95% interval estimate of parameters

is repeated for a very large number of different samples, 95% of the intervals would include the
true population parameter. Therefore, frequentist inference is not a direct megsananwdter
uncertainty rather it quantifies the accuracy and variability of the estimation procedure.

In the Bayesian approach, the model is no longer considered deterministic and is instead
treated as a random variable. Consequently, the solution issegdri; terms of the probability
distribution of the model parameters, referred to as posterior distribution, instead of being a
determinate single valued functiorhe posterior densities are usually displayed as credible
intervals: a 95% credible intetvaan be interpreted as 95% of the region contains the true
population parameter. As a result, the Bayesian perspective is natural for quantifying the model
uncertainty since it provides densities that can be propagated through the various analysis step of
complicated models.

A specific type of Bayesian inference for models is the MCMC technig)eThis
method was specifically developed to solve the issue dfilegilen of posterior distribution in
Bayesian inference to inversely quantify the uncertainty in parameters.

Broadly speaking the MCMC technique is used to approximate the posterior distribution
of a parameter of interest in the model by random sampliagorobabilistic space. Since the
technique involves multiple stegsnumber oflifferent specifidAMCMC methodologies exist. In
this research, the approach given by Sni8),(which uses two Metropolislastings type
methods (delayed rejection and adaptive metropolis, or DRAM) has been used. A Metropolis

Hastings algorithnproceeds by randomly attempting to move about the sample space,
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sometimes accepting the mowswsl sometimes remaining in place. If the next point is more

probable than the existing point, this move will always be accepted. However, if the next point is

less probable, this move will sometimes be rejected. And the more relative drop in probability,

the more likely the new point is rejectedd(). The combined method of DRAM was chosen

because instead of the standard Metropolis algorithm, it can incorporatéthgation of the

distribution of currently accepted parameter value and better propose the next possible parameter

value in the probabilistic spacehis algorithm is summarized as follows

1.
2.

Set design parametetsh, hQ and number of parameter value chain iterMes
Determine initial parameter valueg®, using the following algorithmp
AOCEB 0 QR4 whereb , Qs the measurement and model function of
Equation(2.53)

Calculate thesumof squares of’via,”YY B 0 'Qn

Compute initial variance estimate: ——, wheren, pis the number of data and
parameters
Construct covariance estimat®, i ... n ...N and'Y @ oo , where

... is the sensitivity matrix of] , chol is the Cholesky factorization of the
covariance estimaté
For'Q pf8 &b
(@) Sampleix O 1ip , whereN (0,1)is the normal standard distribution
(b) Construct candidat§” n Y , whereR comes from the Cholesky
factorization
(c) Sampled x "Y 1ip , whereY mip is the uniform distribution from 0 to 1
(d) ComputeYY: B 0 "QRf
(e) Compute
A9 i EphQ

M Ifo |
Sety  AAYY VY-
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else
Use Delayed Rejection Algorithr2@)

endif
(g) Updatei x "O0¢ 0'QO& ad@ O MHMI Q
&) ™ e & ho ™e, VY

() Ifaé & p
Updateco | wén m B M
Else
W W
Endif
() UpdateY o

The final outcome of this process is the posterior distribution of the parameters of
interest. This outcome is used to first construct the model fun&(@h, and then subsequently
propagate this parametdependent model response according to anyldestiterval
probability desired (a 95% credible interval is chosen for this study). This credible interval of
parametedependent model response quantified by Bayesian inference indirectly incorporates
measurement errokgsince they influence the varidity of parameters. In addition to that, the
prediction intervals which directly combine parameatependent model response and
measurement errors can be constructed using the variance estirAatexample of uncertainty
guantification results for HI\\nodel ©9) with credible interval and prediction interval is shown
in Figure6. Credible interval is often confused with confidence intesuate they both represent
the distribution of the true estimation of populations meaabkle2 summarizes the difference

between different intervals for clarification.
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Figure 6. 95% credible and prediction intervals for HIV model (99).

Table 2. Comparison betweercredible interval, confidenceinterval and prediction interval.

Intervals Description

Derived from Bayesiatheory.

Credible Assumes parameter value has probability distributions.
Interval 1 Represents thatervalwhichthe parameter value falis with
certain probability

= =4

1 Derived from frequentist theory.
Confidence | T Assumes parameter value has a fixed quantity.

Interval 1 Represets theintervalthat covers the true parameter vaiith
certain probability

o 1 Can be used both for Bayesian theanglFrequentistheory.
Prediction Representthe intervatthat a future observation falls with
Interval certain probability

E]

2.5.1.2 Hierarchical modeling
A hierarchical model breaks a large model into manageable layedrsombines the
layers in hierarchical forrfor simplification(101). Thisidea can be demonstrated in the

following example.
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If the joint distribution of three variables X, ¥ are to be specified, it would be
challenging to directly fit a multivariate joint distribution for them. However, the joint
distribution can be wriénas

Oy, 2= (% (Y 3 (4 x ), (259
or
fxy. 2= f(¥ (Y » (4 . (2.59)
wheref(x) is the distribution of the variable f(y[x) is the conditional distribution gfunder the
conditionx; f(zlx,y) is the conditional distribution afunder the conditior,y; f(z]y) is the
conditional distribution oz under the conditiog. The model is represented as a directed acyclic

graph (DAG) shown inFigure?.

(a) (b)

Figure 7. Decomposition of calculating joint distribution of X, Y, Z, (a) corresponds to
Equation (2.54) and (b) corresponds to Equation2.55).

Through the ordering of the variables using Bayes theorem, the multivariate distribution
is reduced to three univariate distributions. The variables are ordered in a way that each
conditional distribution depends only on the previous variables so that the joint distribution on
the top layer will be valid. Furthermore, the flexibility of the model maintains with this model
decomposition.

A general way of constructing a hierarchinadel is through a data layer, a process
layer and a prior layer. The process layer should be the first step in the model building because
this step contains the scientific processes and the parameters of interest. The data layer connects
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the data to therpcess with bias and error. The prior layer quantifies the uncertainty of the model
parameters at the beginning of the analysis.

The hierarchical model has been successfully applied to various areas such as veterinary
epidemiology 102), signal detection analysis of recognition memd@3, mechanicbbehavior
of amorphous polymerd.0Q4), interfacial dislocation model of lath martensitic ste2B5),
biological materials modelind.06), HIV dynamic model107). The models involved varies
from simple linear regression model to thymamic differential equation model, which indicates
the feasibility of applying ECD model in the hierarchical modeling methdtie MCMC
method discussed earlier has been shown to work well with hierarchical models to account for all
the uncertainty thas present.
2.6. Summary and Knowledge Gaps

The reliability analysis in the pavement engineering is a congregated definition that
assumes the difference between the predicted and the measured pavement distresses comes from
all sources of uncertainty. There an® reasonshat such use of terminology has occurrédst,
the pavement design model is a complicated procedure that combines analytical and numerical
analysis with hundreds of inputs. It requires lots of computing resources and makes it difficult to
conduct uncertainty quantification at that time. Second, integrating all the uncertainties into
reliability analysis achieves the goal of conducting a probabilistic design to account for the
varnation observed in the field. It is practical and easily deitszch

However, with the development of computing technology and the theory in uncertainty
guantification, there are more methods to identify the effects of input uncertaintiemdat
errors on the model prediction uncertainty. These methods havep@md & other models

where the model predictions with quantified uncertainties are critical for making informed
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decisions and designs, such as the climate model, weather forecast model, subsurface hydrology
and geology models, nuclear reactor models,raodels for biological phenomen@9j.
As stated in the Introduction, conducting uncertainty quantification of the pavement
design model has advantages in bettefeustanding the system and instructing the decision
making and quality control. From the authoros
pavement design model is not just proposing a probabilistic design based on the model prediction
as the current hability analysis, it also quantifies the uncertainty more accurately and gains
insight about how to evaluate and improve the model.
To contribute tdfill ing the knowledge gap between theed for probabilistic design of
pavenent and the development ofaemtainty quantification techniquelbjs study demonstrates
how uncertainty quantification analysis can be used to evaluate and improve the mechanistic
models using YECD model.The following summarizes in detail the knowledge gaps between
the traditionastatistical analysis and the uncertainty quantification-wflE€D model.
1 The functional data form of the\®ECD test results akes it difficult to analyze variance,
together with the repeatability & reproducibility limit and investigate the effechropte

size in reducing the variance of model prediction.

1 The complication of S/ECD model prohibits the traditional statistical analysis to capture
the measurement variation from the test results. ThéEGD model parameters are
interconnected with eachhar and the correlation between parameters, especially between

different model components are difficult to specify in the uncertainty quantification.

1 It is clear that a material model like theVECD model is developed based on the

mechanical theory and e¢haccuracy of its prediction with the experimental results.
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However, the consideration of model uncertainty in the model development should also be

included especially when the model involves some empirical or phenomenological part.
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CHAPTER 3 DEVELOPMENT OF VARIATION INDEX FOR C -S CURVE RESULTS

This work described ithis chapter aims to develop a variation index to quantitatively
characterize the variation of SECD model 6 s damage characteri sti
of this work has been published in the Transportation Research Récardi (was the result of
the authorés analysis and interpretations 1in
members. However, as acknowledged in the Transportation Reseaurid Ree experimental
data used for the analysis was obtained by otfideschapter is not a direct copy of the cited
paper because it includes additional work that was performedfafenblication. The new
content is shown in Section 3.4.3 and finadi the variation index definition which was not the
same as the paper recommendation. The final definition of variation wdexare used in the
following chapters to develop precision statements and evaluate diffexv#l€B models.
3.1.Introduction

Themechanical properties of a material, such as the modulus of elasticity, tensile
strength, elongation, and so on, are always, if not all, characterized by experiments. Multiple test
replicates are usually required in the experiment procedure to redweféettieof measurement
error, which is the difference between a measured value of a quantity and the true value. The
variance of these test results is usually an indicator of the measurement error and can be used to
determine the familiarity of the usersnttucting the test, identify the sensitivity of the
experiment procedure, compare the equality of two test results, establish Monte Carlo sampling,
or do error propagation in uncertainty analysis. The current way to calculate sample variance for
univariatedata is to calculate the average of the squared differences from the mean. Itis a

standard way to measure how far a set of numbers are spread out from their average value.
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Asphalt concrete, a material used widely on pavement, exhibits viscoelastic behavio
Thus, the complex modulus of the material is highly temperature/time dependent in the range
where the material is subject to in the field. BA¢ECD model incorporates the dynamic
modulus property and characterizes the changes of the material piopbgyconstitutive
relationship as the fatigue damage accumulates. The experiments related to the model produce
two results. One is the dynamic modulus characterized at different temperature and frequency in
accordance with the AASHTO TP 132 or AASHTO 783rotocol. The other is the damage
characteristic curve that captures the change of material stiffness as the damage accumulates as a
result from the AASHTO TP 133 or TP 107 protocol.

If these results are considered as univariate data, thetatistical analysis, such as
analysis of variance (ANOVA test) must be applied at the same temperature and frequency for
dynamic modulus or same damage condition for damage characteristic curve, as conducted on
univariate data of specific gravity, mixtuwelumetrics and so or2{4). This approach has been
taken in past resech studies. For the dynamic modulus data, researchers have generally focused
on analyzing one temperature and frequency combindi#@h (vhich ignores the information
regarding the inherent relationship between different temperature and frequency. Others have
performed an ANOVA test on each measured temperature and fogq8e9), which generates
lots of information and can lead ¢ontradictory conclusions. Bonaqui&0j studied the
precision of the dynamic modulus conducted with the Asphalt Mixture Performance Tester and

implemented ASTM E® 1 , AStandard Practice for Conduct.i

Determine the Precision of a Test Met hodo, on

frequency {1). For the damage characteristic curve, little analysis has been conducted to

guantitatively characterize the variation of the results or develop a precision statement due to
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lack of theory. Researchers have focused mainly on the variationgofefdife prediction of
asphalt material from-SECD model incorporating the dynamic modulus and damage
characteristic curve ignoring the fact that the damage characteristic curve is the fundamental
mechanical property of the materiaP(14).

While univariate approaches prevalil, these data can be treated as multivaaidoe tihee
purposes of analysis if each combination of temperature and frequency or damage condition is
treated as one variabl#g). However, this treatment ignortee fact that the underlying
measured material property is a curve and can encounter difficulties if the data points are not
evenly distributed, not the same across different subjects/specimens, or larger than the number of
subjects/specimen4 ).

Here, it is argued more broadly that these
as data obtained by observing several subjects over time, space, or otimeracin this case,
functional data analysis (FDA), a branch of statistics that analyzes data that provide information
regarding curves, surfaces, or anything else over a continuum, offers a more accurate framework
from which to assess variation in thest outcomesl(). However, direct adoption oflFA is not
well suited to dynamic modulus and damage characteristic curvelthatdack of a standard
way to quantij the variation of damage characteristic curve also leads to the difficulty of
establishing precision statements. Because the current procedure to establish precision
statements, ASTM E691, is only developed with the statistical theory for univariatestdts.
3.2.Background
3.2.1.S'VECD Modeling

The SVECD model is a mechanistic model that relates the material integrity to the

amount of damage in the materia8). This moel predicts the stiffness of asphalt mixtures,
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denoted by the variable, as a consequence of the damage grad/timder cyclic loading. This
C vs. Srelationship, secalled damage characteristic curve, is independent of mode of loading,
loading history, and test temperature. Consequently, prediction of the damage response to any
given loading conditions is possible from limited tests, thus it malkeftigue cracking
performance prediction of asphalt mixtures efficient compared to empirical methods.
The SVECD model incorporates the tistemperature superposition principle, the

elastieviscoelastic correspondence principle, and the work potengiaiyhThe linear
viscoelastic properties of asphalt mixture are required to implement\fiiEeC® model. In this
study, the 2S2P1D model, the combination of two springs, two parabolic creep elements and one
dashpot, is used to characterize the dynamic nusdag a function of loading frequency and
temperaturel(9). Equationg3.1) to (3.3) represent the storage modulus from 2S2P1D model.

E'l
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E,=(E -E) % ¢2 = - (3.3
R 13 W
where
ENj(Ty , = storage modulus at a particular temperature and angular frequency (kPa or

psi),
ENjR)¥ = storage modulus at a particular reduced angular frequency (kPa or psi),
YR = reduced angular frequency (rad/s),

max ENj = maximum storage modulus,
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b,dg = fitting coefficients,

Eo = maximum storage modulus value (kPa or psi),

9,0,9,h, b, te = fitting coefficients, and

EM¢opip = storage modulus from 2S2P1D mo@dPa or psi)

The damageharacteristic curve, one of the key material functions, is represented by the
power law model in this study based on the results of Lee &0al. (

C=1 -C,S» (34)

where

C = pseudo stiffness,

S = damage parameter, and

Cu1, C12 = fitting coefficients for power law model.

The other key material function of the\d&CD model is the pseudo strain enelpsed
fatigue failure criterion@®). TheDR is determined as the slope of the line formed by the
relationship between the summatidn(b- C) up to failure versus the number of cycles to failure

(Nf) as shown in Equatiof3.5). TheNr in this study is defined as the cycle where the prodiuct

peakto-peak stress and cycle number reaches a peak value.

- A @ CadN cuna- g

N, N (3.5)
where

DR = failure criterion,

C = pseudo stiffness,

N = cycles, and

Nt = number of cycles to failure.
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3.2.2.Hypothesis Test

Hypothesis test is used to determine whether to reject thaypdthesis with the
evidence from a study at a pgpecified level of significance. Commonly, two sets of data are
compared. The null hypothesidd), initially assumed to be true, proposes no relationship
between these two datasets. The alternative hgpwtifH,), the assertion contradictory kb,
proposes a statistical relationship between these two datasets. If the sample data sugdests that
is false, the null hypothesis will be rejected; if the sample data does not strongly corisadict
the plaudbility of the null hypothesis remains.

There are two equivalent testing processes for hypothesis test. Both use the concept of
test statistic in the process. A statistic is a quantity computed from sample data and used for
statistical purpose, e.g., aveeagariance of sample data. One test process is more traditional
and advantageous in the past when only tables of test statistics at common probability thresholds
were available, e.d.test and- test. It requires certain statistical assumptions totiit enwelt
known distribution (e.gt,distribution, Normal distribution) so that a decision can be made
without the calculation of a probability. The other test process requires more computational
support and the explicit calculation of a probability.

In this paper, the latter process is adopted with the detailed steps as following:

1. Compute from the data observations the observed value of the test statistic.

2. Calculate thg-value, which is the probability of sampling a test statistic at least
as extreme athe one observed under null hypothesis.

3. Reject the null hypothesis if and only if thevalue is less than the pspecified

significance levell
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3.2.3.Resampling Method

Resampling methods have become more practical with increases in computing power and
the availability of built-in functions in many commercial software packages. They can be used to
guantify the uncertainty by calculating standard errors, confidence intervals and performing

hypothesis test. These modern methods have several advantages: liayenewer

assumptions compared to the theoretical sampling methods since they do not assume the Normal

distribution nor do they require the sample sizes be large; (2) they are more accurate compared to

the classical sampling methods and can addressiapgesitat cannot be answered with

traditional parametric or nonparametric methods, such as comparison of medians or ratios; (3)
they are usually similar for a wide range of statistics and do not require new formulas for every
statistic; and (4) they can la@alogized to the theoretical sampling method and intuitively
understood4l).

In this paper, permutation resampling and bootstrap resampling are introduced and

utli zed. The permutation test is wusually used

bootstrap test is usually used to construct confidence inteRals (
3.2.3.1.Permutation Resampling

A permutation resampling method is to randomly redistribute or redraw from all the
observed data without replacement. It can be described in detail as followa.tEgsstatistic is
defined and computed for the experiment data that can potentially reflect the deviations from the
null hypothesis. Then the data is randomly sampled to fill the first comparison group, then the
data is resampled again to fill the sed@omparison group. Both groups have the same number
of samples as the experiment. In this way, each data in the original experiment sample is

replaced by a resampled data. Since the resampling is done without replacement, the new
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resampled data is jusip@rmutation of the original data. Then, the test statistic is recomputed
using the new resampled data to construct a distribution of the test statistic. This procedure is
repeated until all the possible permutations are accounted for.
3.2.3.2.Bootstrap Resampling

The bootstrap method randomly redistributes or redraws from all the observed data with
replacement. The idea is to mimic the process of selecting many samples from an infinite size
population to create the sampled data of the original size. Then thbudistriof the test
statistic can be used to construct the confidence interval.
3.3.Material and Data

Nine mixtures of various hominal maximum aggregate sizes (NMAS), binder types, and
RAP contents were used in this stud@igble3 provides details of the mixtures used in this study.
Mixture A results are obtained from multiple users but targeted at the same mixture design and
test conditions. Mixture B to F results includ&eatent aging levels for the same mixture.
Mixture G to | results include different test conditions. The term dataset is used to describe data
from one test for a specific material that has multiple replicates. The term individual data is used
to describedata from one replicate. The number of replicates of one dataset is either 2, 3, or 4. A
total of 123 datasets are used, where 9 of them have a sample size of 4, 3 of them have a sample
size of 2, and 104 of them have a sample size of 3. The total nofribdividual functional data
is 354. The 104 datasets with a sample size of 3 are used in developing variance index. The 8
datasets in mixture A are used in the example analysis of establishing repeatability limit. The 91

datasets from mixture A to G ansed to verify the validity of the repeatability analysis.
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Table 3. Mixture information.

. NMAS | Binder Binder RAP Number of Datasets

Mixture (mm) Grade Content | Content | Source .
(%) (%) 2 3* 4*

Mixture A 9.5 | PG 6422 5.6 0 NC - 5 3
Mixture B 9.5 | PG5828 5.8 30 NC - 1 4
Mixture C| 9.5 | PG 6%22 6.4 0 NC - 3 1
Mixture D 9.5 AC-20 5.4 0 TX 1 2 -
Mixture E| 9.5 AR-40 6.1 0 WA 1 2 -
Mixture F 95 | PG 6722 6.0 50 AL 1 2
Mixture G| 9.5 | PG 7622 5.8 0 AL - 64 -
Mixture H 19 PG64-22 4.6 30 NC - 11 -
Mixture | 25 PG 6422 4.1 25 NC - 14 -

* Number of replicates of each test

Figure8 presents a typical damage characteristic curve result with three replicates. Each

replicate has an individual data result, and the failure point of this specimen depends on the test

conditiors (input strain level, etc.), thus is specimen dependent. The failure point of each

specimen is marked & andSai. The individual data has one fitted curve to represent the

result of each replicate for variance index development. All the datajpaimtshree specimens

are used to generate one fitted curve as the final material property for further analysis.
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Figure 8. A typical test result of damage characteristic curve.
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3.4. Methodology

A summary of the overall methodology followed in the analysis presented in this paper is
shown inFigure9, where it can be seen that the analysis ctmefgwo parts: (1) variance index
development and (2) an example analysis of repeatability limit establishment as the application
of the variance index.

The variance index development process includes three steps. First, each dataset is
classified usingexpert judgement into categoriesgwith 1 being very good and 5 being very
poor) based on the variation of the individual specimens in the test set. Then, a general form of a
variance index is defined for the functional data based on the standarcgarfainivariate
data. Finally, specific aspects of this variance index form are performed, and the results of each
variant are compared to the expert classification.

The example analysis includes four steps. First, a consistency test is performetfto iden
users that are inconsistent compared to results from other users. Second, those inconsistent data
are investigated to decide whether they should be deleted for further analysis. Then the variance
index distribution function is constructed using theegded data. Finally, the repeatability limit

is selected at a predefined threshold.
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Figure 9. A schematic of the methodology.

3.4.1.Variation Index Development
3.4.1.1.Initial Classification of Data

The variance of each dataset is subjecfigebuped into afpoint scale categoty A v er y
goodo, Agoodo, Afairo, Apooro, fAvery pooro fr
this paper. Since it is not very easy to visually distinguish the variance of two datasets using
different sanple size. Only the 104 datasets that have sample size 3 are selected. The category
grouping is determined by checking the dataset area betweentm@sbpnd bottormost
damage characteristic curve and visually comparing them within the same rartgall Firs

datasets are examined to cold ewxariivatliyordeifd n®u c
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Afgoodo represents the acceptable test results
results. ey are plotted in each figure with eachadat, as shown iRigure10. Then, each
dataset is examined by drawing a vertical line and measuring the width of the given dataset,
labeled asc,andc ompar i ng that with the width otf the 0
andtp. The details of grouping rules are as follows:

If t<ty, and the area of the compared dataset are smaller than the good dataset, it is in
Avery goodo c aftfigueddfaygnd(a)s s hown i n

If tats,ad t he area is very close to the good d
in Figure10(c) and (d).

If ty<tc<tp, and the area is bigger than tdwod dataset, but smaller than the poor dataset,
it is 1in Afair &Figwed(eganad(@f).y, as shown i n

Iftat, and the area is very close to the poor
Figurel0(g) and (h).

If t->tp, and the area is biggerthanth@ or dat aset, it is in fAver

shown inFigure10 (i) and (j).
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Figure10.Gr oupi ng

exampl e zoomed

example, (f)
zoomedin,( i ) a

by expert judgement: (a) a
in, (c) a Agoodo exampl e,
a Afairo example zoomed in
Afivery pooro example, (j) a
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3.4.1.2.The form of Variation Index

The form of the variance index proposed in this papguation(3.6), is motivated by the

variance function for univariate data, Equat{8rv).

A B (100, - 709" dx

v=12 1 (3.6)
where
\% = the variance index of functional data,
f(X)i = the general fitted function of individual data,
"o = the general fitted function of all the data in the dataset,
n = the number of individual data set, and
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Xend = the selected end point ofetintegration.

g-a-% 37)
n-1
where
§ = the sample variance,
Xi = the value of one observation,
o = the mean value of all observations, and
n = the number of observations.

For Equation(3.6) there are two variations that are considered; (1) the choicaraf (2)
the choice okend
1. The choice ok
The choice ok in thevindex of damage characteristic curve could be either the pseudo
stiffnessC or damage parametgr If it is S thenf(x) takes the form ifcquation(3.8). When
this choice is used, the correspondirigdex will be referred to as. This v index quantifies the
cumulative difference in the dataset@vith the change o&. If the choice i<, thenf(x) takes
the form inEquation(3.9). The correspondingindex will be referred to a&. These two
methods of calculatingindex can have very different results in characterizing the variance of

functional data depending on the shape of the dataset.

f=C(9 4 ¢, % (3.8)

(3.9)

it
0O
- O: @~

f(x)=s(1 -Q a—eC—
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2. The choice Ofkend

In thevindex calculation, it is also important to select the range of integration because
different mixtures or even specimens of the same mixture can have different failureTgwnts.
XendShould not be so big that it requires too much extrapolation fromatiae rbr should it be so
small that it always does not represent the spread of data. For the initial development of these
candidate indices, the frequency distribution€@indSat failure from all the tests in the
database were evaluatddhe frequencyf 1-Craii andSai for all the individual data used in this
study are demonstratedkigurell. 1-Cs.i is mostly concentrated on the range betwe&n-0
0.8, whileSail is more spread across differ&@walues.In the endxengdof 2x10° and 0.7 are
selected fows andvc calculation because they; (1) represent most of the datasets and (2) are in

the relative middle of the whol#istribution range.
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Figure 11. Histogram of failure point: (a) 1-Crai and (b) Sail.
3.4.2.Example Analysis

The example analysis demonstrates the applicationnalex to build the repeatability
limit of v following ASTM E691, which is the standard practice for conducting an
interlaboratory study to determine the precision of a test method for univariate data. There are

three main steps in the ASTM E691 procedure:
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Consistency testtatistical theory with a normality assumption is used to determine

whether the collected data are adequately consistent so as to form the basis for a test method
precision statement. That is, whether one lab has significantly diftegrresults or much
higher variance compared to other labs.

Investigation of the inconsistent datbthere are inconsistent data, those data should be

investigated carefully to decide whether they should be deleted to form the precision statement.

Obtan the precision statistic¥he repeatability limit and reproducibility limit statement

are developed using the mean and standard deviations of consistent data measured from multiple
users and/or laboratories.

The resampling method and hypothesis testiaegl to build the framework of
developing statistical analysis for functional data under the direction of ASTM E691. The
repeatability limit used in this paper has a slightly different meaning from the term used in
ASTM EG691. If a test procedure requireseplicates and takes the average as the test results,
then the repeatability limit identifies the variance of different test results. However, this paper
considers the repeatability limit more practically as the variance of different replicates because
the users are expected to conduct one test result with replicates rather than multiple test results to
characterize the repeatability considering the time and cost required for damage characteristic
curve result.
3.4.2.1.Consistency Test Statistic

The consistency & consists of betweamser test and withinser test. The betweearser
consistency test is to identify whether the data obtained by one operator is significantly different
than the otherd fest in ASTM E691). The withHuser consistency test is to idéntvhether the

data obtained by one operator has a significantly higher variance than theotlestsr{ ASTM
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E691). Accordingly, &g Statistic and-q statistic for the two tests are constructed for functional

data as shown in Equati@¢®.10) to (3.11) and Equatior{3.12) to (3.14).

BT - F(x)‘dx
t, = (3.10)
o
Nt e
a ﬁ] (f(x), - f (X)* dx
v, =2 (3.11)
N-n -1
where
NN = the fitted function for the sampled data,
D w = the fitted function for all the data except the sampled data,
f(X)i = the fitted function for thé" individual data except the sampled data,
n = the number of individual sampled data selected, and
N = the number of all the individual data in the resampling datasets
v,
Fo =—1 (312
a V%
k=1,k |
f\ ~end 2
an (o9~ £(9)%dx
VIERS (3.13
n-1
Send 2
(F(), - F(%))? dx
v, = ‘:1 3.14
g - (314
where
"o = the fitted function for dataset in grokgxcept the sampled data,
n = the number of individual data in the sampled data,
Nk = the number of individual data in grolpand
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p = the number of groups (operators).
3.4.2.2.Resampling Method

The resampling method is used to conduct the consistency test and constrirdéxe
distribution function. The null hypothesidd) for the betwee-user consistency test is that all the
datasets are equivalent across different operators. The hypothesis for thaigethtonsistency
test is that all the datasets have the same variance across different operators. The resampling
method is to test whieer there is enough evidence from the datallbatan be rejected. The
general steps for resampling method are as follows:

Step 1: Pool the data together under the null hypothesis or equality assumption.

Step 2: Determine the test statisti¢X = t, F, or v).

Step 3:Randomly seleat individual dataresults withreplacement (Bootstrap resampling
for v distribution function) or withouteplacementRermutatiorresamplingor consistency tekt

Step 4: Calculate the test statistic for the selected saanjle

Step 5: Repedt times of step 3 and step 4 and JetXz, X.

Step 6: Calculate the test statistic for each operator an®g@eXop2,  Xops

Step 7: Calculatp-value for each operator using Equat{8ri5),

N

a l{X| > Xopk}
P =— N (319
_&lxi A
I, (X) = : O,XT A (3.16)

wherek is thek™ operator.
The consistency test uses Permutation resampling, Steps 1 to 7 above Narsdathéhe

possible permutations of the dataset. In the betwsenconsistency test, 3 individutdta
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results are selected for each resampling. In the witb@r consistency test, all the individual
data are sampled to 8 groups with the number in each group corresponding to the 8 operators for
each resampling. Thedistribution function uses Bootap resampling with 3 individual data
selected for each sampling, and in this case only Steps 1 to 5 are performéegaats 5000
after different trials.

If Ho is true, there is nevidence of a statistical inconsistermstween the amators
After dl the datasets are pooléagether andhdividual data resulteepeatedly selected to
calculatetest statisticXi, all those values shoulik similarfrom Xops, Xop2,  Xops However, if
one ogratorhas different results than others Xtsalue will be significantly bigger than the
resampled; values since pooling and resampling redu$el the endif p-value is smaller
than a certain levéD.05, corresponding to 95% certainty, for the cursémdly),the Ho is
rejected and there is a difference.
3.4.2.3.Variation Index Distribution

The inconsistent data from the consistency test are investigated to determine whether they
should be deleted in constructmgndex distribution function. Then all the agted data are
used following Steps 1 to 5 in the resampling method. The 95% repeatability limit is thus
selected from the distribution function.
3.5. Results of Variation Index Development
3.5.1.Classification of Data

The distribution of data quality as assessed by the expert judgment is sHeigurei2
for mixtures of varying NMAS. As expected, the test results for the 9.5 mm mixture have a
higher overall quality than the 19 mm and 25 mm mixtures. Note that the 19 mm mixture has a

higher proportion of very poor cases than the 25 mm mixture and tl@sasde the 19 mm
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mixture cases were measured using AASHTO TP 133, which uses a 38 mm x 110 mm (diameter
x height) specimen. The 25 mm mixture, on the other hand, was tested using AASHTO TP 107,

which uses a 100 mm x 130 mm specimen.

50 _
45 25 mm mixture

40 b ® 19 mm mixture
35 H 9.5 mm mixture

re

N

o
T

gl
5 1 i
; | | m =

Very good Good Fair Poor Very poor
Ranking Category

Figure 12 Frequency of subjectively ranking category of all the datasets.

3.5.2.Variation Index Comparison

The results of variance ranking from expert judgemernbhdex andvs index are
presented ifrigurel13. All the 104 datasets are grouped by the expert judgement with five
categories from Avery goodo to AvEgueldfagpor 0 wi
Then each dataset is calculated with the variance index wusings and sorted according to the
smallest to largest variance index. Therefore, the positiGiigofe13 (b) and (c) represents the
variance ranking calcated using the corresponding index and the color coding represents the
category from the expert judgement. The nfAbest

color mapping irFigurel3(a).
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Figure 13. Ranking comparison using different method; (a) expert judgement, (by: index
(c) vsindex.

Based on this color map, the indedhas a better performance in matching theeeix
judgement compared @, but neither perfectly match the expert judgm@&iie cases where
results give contradictory conclusions with the expert judgement have been investigated and
examples are shown Figurel4. Thevs of dataset irFigure14 (a) is 566 while irFigure14 (b)
is 475. Havever, the dataset Figurel4 (a) seems to have smaller variance comparé&igiare
14(b). It is noticed that these two datasets have very diff&ganiThis difference means that the

Vsis determined using extrapolated fitting of the damage characteristic curves.
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Figure 14. The cases thats index gives contradictory conclusions compared to expert
judgement: (a) highervswi t h Af airo catwwiotrty fawnear ¥ bpodmavecs
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In order to solve this issue, a correction factor is applied forlk@hdvs so hat each
dataset can use its owghs The basis of the correction factor is to reduce the effect of
extrapolation by assuming the ratio betwgémdex in Equatior{3.6) at two differentxendis
universal across all the mixtures.

The data from mixture A have the most stable results and late failure points. They are
used to construct the correction factor with Bootstrap resampling method. The resampling
methodsteps 1 to 5 are used to resample 50@ex using differentens Then the ratio was

calculated using EquatidB.17) for each resampled data.

V(X
b(X ng) = Vgxk—:; (317)
where
V(Xend) = the variance index calculatedxad,
X'end = the reference failure point, it is 0.7 faf°" and 2x1L& for v,
Xeend = the selectedens

The averag®(x‘eng of all the 5000 sampling are calculated and fitted as a universal

correction factor function. Finally, the corrected variance index can be calculated using Equation

(3.19).
— -rJ ,jend ra
b(%s)® & [ (F09, -T(9)? dx
Ve = =L (3.189)
n-1
where
o = the average of theorresponding failure value of each dataset, e.g.,

(SHaii+Saii+Sail)/3 in Figures;

94



oo = the correction factor aff . The corrected variance index results compared
with expert judgement are presentedrigurel5.
The results indicate that with correction matches egp judgement very well. The
datasets that do not match were investigated, and it was found that their variance was hard to

justify by simply observing the data.

- Good
. T
- Poor

\ery poor
(€)

0 20 40 60 80 100

Ranking

Figure 15. Ranking comparison with different methods: (a) expert judgement, (by.
corrected, and (c)vs corrected.

However, thisss®", with a whole expression shown(B119), has some challenges with
respect to practically explaining the value and meaning of the various parameters. As a result of
these limitations the normalized variance index) has been deloped as shown iBquation
(3.20) through(3.22). Equation(3.21) and(3.22) show that when calculating thgym, theS
values are first normalized to avoid bias based on the damage characteristic curve lerfgth (i.e.,
at failure) This normalization procedure is the main difference betwegnand the previous
variance index. The multiplidewas applied tehange the magnitude @form from

approximately 10 to 1 for convenience.
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bE)* AR (A9, -G P d
v = — (3.19)

é r’j.(C(Sww)i- (:( %e\/\))z d%ew

Voorn = K & -~ (3.20)
Siactor = é (3.2
Sew= S ® Suctor (3.22)
where;
C(S)  =1-CuS™
Y = the average of the corresponding failure value of each dataset,
(Sttaii+Srai+ € +Shail)/n,
C(9i = the fitted function foi'" replicate
6(S) = the fitted function of all the data in the dataset
Y = the correction factor a¥
C(Sewi = the fitted function foi'" replicate after rescaling

6{Sew = the fitted function of all the data in the dataset atscaling,

n = the number of individual data set, n = 3 in ILS datad

k = multiplier to change the magnitudes10° (v has a magnitude of

To demonstrate the efficacy aform, performance comparisons with respect to the
variation ranking usingnorm andvs™" are conducted for 104 datasets across nine mixtures of
variousN MA S | binder types, and RAP contents.

accuracy rate are selected to quantify the variation ranking performance.
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3.5.3.Discussion

The variance index is related to either the vertical or horizontal difference between
individual damage characteristic curves. The vertical differegcamplifies the difference
when the curve data has a high sl ope compared
horizontal differencey., amplifies the difference when the data has a low slope compared to the
reference fAgoodod or fApooro datasets. Two dat a
Figurel6 (a) and (c) to show the difference in th@ndv. calculation Figure16 (b) shows the
zoomedin version ofFigurel16 (a), the vertical line indicates that the dataset has visually similar
variance compared with the Agoodo rmémuchence w
less variance. Thus, theindex acts as a relatively better indicator of the variance for this test.
Figurel6 (d) shows the zoomeid versia of Figurel16 (c), the vertical line shows that the
dataset is | ess variant than the figoodo refer
variant. Thus, thes index performs a better result.

In reviewing the datasets used in this paper, most have the elamagcteristic curves
with a low slope, so thes is better suited in capturing the variance of test results. This also
seems consistent with other datasets that were not evaluated specifically in this paper and seems
to be a basic characteristic of dagaacharacteristic curves. This effect is also the reason why the
correction factor increases the performances efell but not withve. Datasets withs that
overestimates the variance compared to the expert judgment usually have &aiearhjle
datasets wherg: overestimates the variance usually already have a{@t@.1In sum, these
observations suggest thgt®" presents as a reasonable variance index for the damage

characteristic curve results.
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Figure 16. The effect of the shape of the datasets on the variance index: (a) an example of a
fGoodo dataset, (b) dataset in (a) zoomed in
(d) dataset in (c) zoomed in.

Ranking results using.orm and the previous varianaadex, referred to ag™", are
shown inFigurel7 compared with expert judgement rankiAd. 104 datasets are grouped by
theexperf udgement with five categories from fAvery
Each dataset is calculated with them or vs°" and sorted according to the smallest to largest
variance index. Therefore, the one that better matches with thexcapging of expert
judgement is said to have better performance in capturing-geurve variation.
Figurel7 shows that the consistency betwegdm with expert judgement is worse than

Vo, I n order to quantify the difference, Speal
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were used to identify the correlation of the ranking between variance index results and expert

judgement results.
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Figure 17. Ranking comparison using different variance index.

Spearmands correlation coefficient measure
variables. It will be high when observations of two variables have similar Aaclracy rate is
calculated as follows:

1. Divide the datasets into 5 categories b
Agoodo, dAfairo, fApooro, and fivery pooro
data in each group as,mp, s, s, re.

2. Rank the dataséased on the variance index results.

3. Divide the dataset into the same 5 cate

and Avery poor o, based on the ranking

o

data as ) e, g, Ny, Ie.
4. Calculate the accuracy eadf data that predicted categories in step 3 are the same

as step 1.

99



5. The 5 categories in step 1 can be replaced with 3 categories. The first category
combines fivery goodo and fAgoodo, the
Apoor 0 and heeogaspondimgaccuracy raté can be calculated with 3
categories.

6. The 5 categories in step 1 can be replaced with 2 categories. The first category
combines fivery goodo and fAgoodo, the

poor 0. The c aacyratescanoba chlicutated vétle Zcategories.

Table 4. Quantify the consistency between variance index ranking and expert judgement

ranking.

Variance Spe ar man Accuracy in5 | Accuracyin3 | Accuracy in 2
, correlation 0 0 0
index coefficient groups (%) groups (%) groups (%)
Vs 0.95 83.7 87.5 914
Vnorm 0.92 76.0 85.6 914

The results are presentedTliable4. S p e ar ma n 6 sresualteshow ehatlze tability n
of matching expert judgementus® > vhorm. The accuracy difference betweeff" andvinomis
7.7% in Bgroup accuracy comparison9% in 3group accuracy comparison, and 0% 4{graup
accuracy comparisoithat means if the subjectivity of expert judgmiesntonsiderednd the
variation ofC-Scurve resultgategorizednore roughly, the difference betweeff" andviorm
becomes smr.

Althoughvs®®" matches expert judgement the best, the correction ratio can be very
sensitive whei¥ is small, which can happen for certain mixtures. For exampMg, if
changes from 0.2x10to 0.1xLCP, the correction ratio changes from 17.6 to 30.4, biX if
changes from 2x10to 1.9x1(P, the correction ratio only changes from 1.00 to 1vdgm

normalizesY to 1 at first to solve the issue with differéMt for different mixtureslt also
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applies a multiplier in the end to change the magnitude frotd. 0. Based on these
observationsynormis more stable based on engineering judgement and selected to represent the
variation ofC-Scurve results even though it will sacrifice soorrelation of ranking compared
to v
3.6. Example Analysis

Eight datasets of mixture A are used for the example calculation and to demonstrate the
development of a repeatability assessment methodology for functional data. They are obtained
from differert operators conducting the test targeted for the same mixture.
3.6.1.Consistency Test
3.6.1.1.BetweerJser Consistency

The betweetuser consistency test results are showrignire18. The corresponding
statistic takes the form in Equati@23) to (3.24) with vs*°". Thep-value for each operator is
presented iTable5. The data from Operat®5 and 8 havp-value smaller than 0.05, which
indicates that the damage characteristic curve results from these two operators are significantly
different from the others (either higher or lower). Actually, these two operators were found to

have used aifferent compactor in fabricating the material specimens compared with others.

~Sref ey =
i [C(S- C(s‘ ds
t= (3.23
\/VeCOTY
b(%ne)* & [ (C(9,; -C( 9 d
VAGHES = (3.24)
N-n -1

whereSer = 2X10°.
Therefore, these data are flagged out and deleted in variance distribution function

resampling. It should be noted that this particular example is evaluatingusefisingle lab
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repeatability. For multlab repeatability the gyratory compactor may not singularly flag

inconsistent data, and neither should it be interpreted that the test method is overly sensitive to

compactor.
-3
x10

5

> Distribution
#* Op1

54 O op2
c Op3
) X Op4
© Op5
put 3r Op6
o) A Op7
= > ops
=] L
H 2
-
wid
L 1
(]

0 200 400 600 800 1000
t statistic

Figure 18. t statistic distribution.

3.6.1.2.WithinrUser Consistency

The withirnruser consistency test results are showFigure19. The corresponding
statistic takeshe form in Equatiorf3.25) to (3.27) with vs¢°". The p-value for each operator is
presented iTable5. The data of Operator 6 hap-aalue smaller than 0.05, which indicates that
the damage characteristic curve results fperator 6 has a significantly higher variance than
the others. In reviewing the testing record from Operator 6 it is found that they do not have much
testing experience with asphalt mixture. Therefore, this dataset is also deleted for further

variance dstribution function resampling.

corr
v

F= (3.25)

p-1

- corr
a Y
k=1,k c
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Figure 19. F statistic distribution.

Table 5. p-value for consistency test.

Operator | p-value for t statistic p-value for F statistic
1 0.637 0.379
2 0.060 0.302
3 0.585 0.831
4 0.389 0.963
S 0.012 0.407
6 0.065 0.006
7 0.846 0.745
8 0.032 0.863

3.6.2.Variation Index Distribution Function
The data thameets the requirement in consistency test were used to establish the
variance indexy°") distribution function using resampling method. The results are shown in

Figure20in terms of the raw and fitted distribution. The fitted function was a Gamma
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probability distribution with the form in EquatidB.28), and the result ig ~ Gamma(1.01, 40).
The 95% repeatability limit of index is 121.

Datasets of Mixtures A to G with 9.5 mm NMAS are used to identify the validity of the
distribution function and the repeatability limit. First, the valueg®S¥ at different percentile
(10%, 30%, 50%, 70%, 90%, 95%, and 99%) in the Gamma distribution are calculated. Then the
corresponding percentile of thegf"™ values in the datasets are computed. The results are
presented ifrigure21. The two percentiles match closely with each other and indicate that the

repeatability limit is valid.

Vk-le vlg

3.28
7K (329

v~Gammg kg), f( y=

wherek, d = parameters in probability density function of Gamma distribution.
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Figure 20. vindex distribution.

104



120.0
m Percentile in the Gamma distribution

1000 | ® Percentile in the datasets

80.0

60.0
40.0
200 Il
0.0 J_l L L . . . .
4 15 28 49 93 121 185

vseo'value in the Gamma distribution

Percentile

Figure 21. The percentile comparison between the index distribution and the datasets.

3.7.Summary

This chapter proposes a variation index for assessing the variation of the damage
characteristic curve from AASHTO TP 133 and AASHTO TP 107. Then the application of the
variance index is presented with an example to establish the repeatability limit ot tesu#s
as functional data. Several main conclusions can be drawn as follows:

1 Of the variation indices evaluate, thgm can be used to calculate the variance of
damage characteristic curve results of asphalt mixture. It matches the best with
the expert judgement.

1 The shape of the damage characteristic curve data can affect the performance of
the variation index.

1 The resamiing method and hypothesis test can be used to flag inconsistent data
of damage characteristic curve data from rusier or multilaboratory results.

1 The resampling method can also be used to construct repeatability limit of the

variance index for a spdim material.
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CHAPTER 4 REPEATABILITY AND REPRODUCIBILITY ANALYSIS

This chapter uses the variation index developed for functional results to establish the
precisionstatements for asphalt cyclic fatigue testing protocols. It has been submitted as the
Phase Il report on Ruggedness and Interlaboratory Studies for Asphalt Mixture Performance
Tester Cyclic Fatigue Teandwas t he resul t of t predatiomsin hor 6 s an
consultation with their advisor and other committee membtwever, the experimental data
used for the analysis was obtainedkangjin Lee The chapter is not a direct copy of teport
because it includes additional work that is show8ention4.3.2 The results using lab specific
dynamic modulus are also presented in addition to results using average specific dynamic
modulus.
4.1.Introduction

AASHTO testing protocols TP 1622 and TP 1339, referred to as procedures for
Asphalt Mixture Performance Tester (AMPT) cyclic fatigue testing, enable the practical,
mechanistic performance characterization of asphalt mixtures using cyclic fatigue tedieg in t
AMPT(1,2). They are the only testing protocol to assess fatigue cracking that has been developed
specifically for the AMPT.

AASHTO TP 10722 is used for testing cylindrical asphalt mixture specimens that are
100-mm diameter by 13nm tall (hereafter refred to as large specimens). In contrast,
AASHTO TP 13321 applies to cylindrical asphalt mixture specimens that arar8&liameter
by 110mm tall (hereafter referred to as small specimens). AASHTO TR22@feceded
AASHTO TP 13321. The smalbpecimen gometry was established to improve testing

efficiency and enable field core testing for mixtures with NMAS values up to 19 mm.
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The results of AMPT cyclic fatigue testing coupled with the results of dynamic modulus
(|E*|) testing are used to obtain tkey material functions of thee8ECD model: the damage
characteristic curve (i.e., psuedostiffneSy\{ersus the internal state parameter representing
damage $)) and the pseudostrain enefiggsed fatigue failure criterio®). The damage
characteristicurve and failure criterion are independent of mode of loading and loading history.
Consequently, prediction of the damage response to any given loading history of interest is
possible using limited test results, thus making the fattgaeking charactezation of asphalt
mixtures efficient compared to empirical methods.

Thestandards foAMPT cyclic fatigue teshg recently underwent a ruggedness
evaluation to definélerance ranges for the experimental factors that contribute to variability in
the testesults(3). Thestandards foAMPT cyclic fatigue teshg were revisedased orthe
ruggedness evaluatidimdings The AMPT cyclic fatigue standards are presently lacking
precision statements that define the repeatability (i.e., with laboratory vayriatidn
reproducibility (i.e., between laboratory variation) of the test results when executed properly.
Therefore, the objective of this chapter is to access the variation of AMPT cyclic fatigue test
results by developing precision statements. To achiéselifiective, an interlaboratory study
(ILS) was executed wherein seven laboratories conducted AMPT cyclic fatigue testing according
to the AASHTO TP 1022 and TP 1321 protocols. Statistical analysis of the ILS yielded
recommended precision statememisAASHTO TP 10722 and TP 1321. The ILS was
designed and analyzed according to ASTM EB0Mwith integration of ASTM C67025

recommendations specifically for construction materials (4,5).
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4.2.Interlaboratory Study (ILS)

The seven laboratories that pagpied in the ILS and the corresponding AMPT testing
equipment as well as gyratory compactor type that they used are ligtall@®. The
laboratories are codified wniin the results to preserve anonymity.

Table 6. ILS Participants.

Participant AMPT Equipment Gyratory Compactor
Federal Highway Administration Controls/IPC AMPT Pine G2
Maine Department of Transportatior;  Controls/IPC AMPT PineG1
National Center for Asphalt Technolo¢ IPC SPT (upgraded) Pine G2
North Carolina State University | Controls/IPC AMPT Prg Pine G2
University of MassachusetiBartmouth| Controls/IPC AMPT Pine G2
University of Nevadé&Reno Controls/IPC AMPT Pine G2

University of New Hampshire IPC SPT IPC Servopac

Four plantmixed, laboratorycompacted mixtures were used for the ILS: degrseled
9.5-mm NMAS surface mixture from Wisconsin, stone matrix asphalt (SMA) surface mixture
with 12.5mm NMAS from Maryland, dnsegraded 19mm NMAS surface mixture from
Arizona, and densgraded 25mm NMAS base mixture from North Carolina. Details pertaining
to the selected mixtures are provided able7. Figure22 shows the gradations for selected
mixtures.

Plantmixed, laboratory compacted samples were used based on the results of a survey
distributed to potential ILS participants that suggests Heairtajority of laboratories use plant
mixed samples for test specimen fabrication in practice. The mixtures were sourced from
different climatic regions that are expected to yield different test results. Also, the SMA mixture
contained polymemodified virgin asphalt whereas the other mixtures did not include polymer
modification. Differences in NMAS and gradation type were included to cover a representative

range of test variability. For both small and large specimen geometries, both-the @énse

111



gradel surface mixture with unmodified binder and the 4B SMA mixture with polymer
modified binder were used. The-tm mixture was only used in the small specimen geometry
ILS whereas the 2Bhm mixture was only used in the large specimen geometry ILS. The
maximum NMAS permitted in AASHTO TP 1331 is 19mm (2).

Table 7. Selected mixtures for thanterlaboratory study.

Virgin Binder RAP :
Source l\(lmr'?])s Binder | Content | Content \22//'0')6‘ VFA (%) gy?;i;?}g
Grade (%) (%)
WI 9.5 PG5828 6.1 25 16.2 75.3 75
MD 125 |PG64E22 6.5 15 18.5 81.0 100
AZ 19.0 PG7010 4.8 0 14.2 71.5 75
NC 25.0 PG6422 4.2 30 13.6 71.5 65

To prepare the loose mixture samples for distribution, the-piaed material was
separatedinto ndi vi dual samples foll owing NCSUG6s | oo:
randomized (6). Plasrhixed specimen testing following this procedure has yielded AMPT
dynamic modulus and cyclic fatigue test results with comparable variability-toikedu
specimen testing in the NCSU laboratory when this separation procedure is followed. Each
separated sample was placed in a quick release, heavy dutimadkox, consistent with those
used by AASHTO resource. Each box contained the quantity of materialeetuiproduce
approximately one half a gyratecpmpacted sample. All mixture test specimens were prepared

to achieve an air void content of 5 +0.5 percent.
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4.2.1.Pilot Testing

ASTM E69120 specifies pilot testing prior to beginning an ILS to familiarize
participants with the test procedures and ILS prot¢tpILS participants were supplied pre
fabricated small test specimens for pail familiarization. The test specimens were fabricated
according to AASHTO PP 999 by a single operator at NCSU using ther@rb ILS mixture
(7). The fabricated specimens were randomized and distributed to the participating laboratories.
Each laboratoryeceived eight pilot test specimens, threeEsf festing conducted in
accordance with AASHTO TP 139, three for cyclic fatigue testing in accordance with
AASHTO TP 13321, and two extra specime(s8). Participants were instructed to begin by
conduting a single cyclic fatigue test artef| test for initial feedback from the research team.

To assess pilot |E*| test results, the differences between a participating laboratory and
NCSU6s were compared against thBETEBSB8AND.duci bil
Note that these limits were established based on large specimen fabricated by individual
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laboratories so the conditions under which they were developed do not coincide with the pilot
testing conducted in this study. However, they provaleeference to assess the general
agreement of the results obtained by different laboratories. Procedure discrepancies identified
among the participating labs that contributed to biases in initial pilot results included differences
in thermal equilibratiotimes, temperature calibration errors, the use of compensating springs in
|E*| tests, deviations from the strain selection guidance in AASHTO TR2138nd the need for
PID tuning. These discrepancies were resolved prior to thedalé ILS testing.
4.2.2.Ful-scale Testing

Full-scale ILS samples and test specimens were prepared by the participating laboratories
using separated loose mixture samples supplied by NCSUJsdalél ILS testing used specimens
fabricated by the participant laboratories becausb¢hgeerlaboratory variability of the test
results is contingent upon variability in both the specimen fabrication and the test procedures. In
addition, the repeatability of specimens fabricated by a single laboratory and within individual
laboratories isiot expected to differ significantly based on the ILS results of AASHTO 11378
(10).

Laboratories were required to carry out thigg 4nd three cyclic fatigue tests on each
mixture and specimen geometry combination included in the ILS. Large speEfhdesting
adhered to AASHTO R 837 and AASHTO T 3787 (11,9). Dynamic modulus tests of the
small specimens followed AASHTO PP-29 and AASHTO TP 1329 (7,8). In both large and
small specimert}| tests, asphalt specimens are subjected to freqimvegp testing at 10, 1,

and 0.1 Hz and at three temperatures. All specimens were teddédaaid 20N . The third test

temperature for the 3:mm mixture was 3§ . For the other mixtures, the third test temperature

114



was 40N . The test temperatures were selectedhe basis of the binder performance grade (PG)

in accordance with AASHTO R 847 (12).

Large specimen cyclic fatigue testing followed AASHTO TP-2QAvhereas small
specimen cyclic fatigue testing adhered to AASHTO PR®and AASHTO TP 1321 (1,7,2.
The test temperature was selected based on the guidance given in AASHTOZR, WBkh
specifies test temperatures based on the expected blended binder grade for the mixtures
containing reclaimed or recycled materials (2). When a test resulted @ciensp failure outside
the instrumented gauge points (i.e., end failure), as depicted in Figure 2 of AASHTO-ZR, 133
the test was consider@dvalid, and an additional specimen was tested.
4.3. Statistical Analysis

There are two sets of ILS data presented@lhe whole study. One presents each
|l aboratoryds cyclic fatigue test results with
| aboratories. The other presents each | aborat
dynamic modulus test resulResults in this chapter use average dynamic modulus data to better
capture the acceptable repeatability and reproducibility for cyclic fatiguenigssuch that they
can be incorporated in AASHTO TP 133 and AASHTO TP 107 standards. However, résults w
lab specific dynamic modulus data were also used specifically in the repeatability and
reproducibility analysis for damage characteristic cuive®ectiord.4.1.3 They are added to
evaluate thémpactof using lab specificlynamic modulus results dhereproducibilityresults
in damage characteristic curvascause different laboratories conductrtiogn dynamic
modulus test and cyclic fatigue t@stpractice The reproducibility of damage characteristic
curvewith lab specific dynamic modulus data will be used in Chapter 8 as a reference of the

reproducibility of current S/ECD model analysis.
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Repatability and reproducibility analysis was conducted according to the ASTM-E691

20 and C6745 (4,5). However, an inherent limitation of these standards are that they are

Aconcerned exclusively with test meteshods whi

result. o The damage characteristic curve 1is
relationship and therefore, does not lend directly to the analysis procedure prescribed in ASTM
E69120 or C676015 (4,5). Therefore, an alternative meansdefine the repeatability and
reproducibility of the damage characteristic curve was also investigated using a recently
developed functional data met(it3).
4.3.1.SinglePoint Measure Analysis
There are two underlying assumptions of the interpretation of ILS test results according
to ASTM E69120 (4). First, it is assumed that all laboratories have essentially the same level of
variability under the repeatability (within lab) conditions for aegi mixture. Second, it assumed
that mean laboratory test results vary according to a normal distribution in each mixture.
Following the terminology in the standard, a test result represents the value of a characteristic
obtained by carrying out a specditest method. A test determination represents the value of a
characteristic or dimension of a single test specimen derived from one or more observed values.
ASTM E69120 provides guidance for preparing a precision statement for test results (4).
ASTM C670-15 provides additional guidance for preparing a precision statement using the
results of test determinations (5). Based on the definition of test result and test determination,
this study includes three test determinations for each lab per materibkaegttresults are; 1)
the best fit damage characteristic curve across three specimens collectively and 2) theDdverage
value from three specimens. A test determination is the damage characteristic ciDVe/alne

of one test specimen. Given thath would typically execute three test determinations to obtain
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a test result and not obtain two test separate results, repeatability of the cyclic fatigue test
standards should reflect variability among test determinations within a lab. Therefore, the
repatability and reproducibility precision state development herein incorporates guidance from
ASTM C67015 (5). The ASTM E69P0 and C674L5 standards strive to define limits for the
repeatability and reproducibility of a test that will only be exceededanttobability of five
percent if the test is executed properly (4,5).

As noted, ASTM E694R0 is written for tests that yield a single numerical figure as the
test result, which is directly applicable to the failure criterion reBX{4). However, the
damage characteristic curve results are functional data rather than a single numerical figure. In
order to comply with the standard, six singl@nt values were selected to represent the damage
characteristic curve for initial analyses. They @nealue atSnin, Snean @andSnax and shape factor
at Snin, Snean @NdSmax The Snin, Snean @andSmaxrepresent the minimum, average, and maximum
of all theSat failure for each material/specimen geometry, respectively. Shape factor represents
the area betweed equals 1 and th€ versusScurve, at pralefined levels o&. In this analysis,
the shape factor was computed wisBqualsSnin, Smean andSmax Figure23 shows an example

of theC value and shape factor &tax
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Figure 23. An example ofC value and shape factor.

The analysigramework prescribed in ASTM E620 can be divided into three steps (4)

1 Step 1: Test consistency. Test statistics are used to determine whether the
collected data are adequately consistent to form the basis for a test method
precision statement.

1 Step 2iInvestigate inconsistent data. The data that do not meet the consistency
requirement are investigated to identify any possible errors, such as the clerical or
procedural error. Then, the analysts should decide whether to include or delete the
inconsistentata.

1 Step 3: Obtain the precision statistics. The repeatability and reproducibility
standard deviation are calculated to establish the repeatability and reproducibility
statements.

These three analysis steps were executed as described in the followimgssec
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4.3.1.1.Test Consistency

The statistical analysis for the estimates of precision statistics is simplyveagne
analysis of variance (withirand betweettaboratories) for each material. Therefore, the
existence of severe outliers can significantly affeetanalysis and invalidate the results. It is
necessary to examine the consistency of the data prior to developing precision statistics.
Equationg4.1) through (4.4) present the statistics used in this analysis according to ASTM
E691-20. Statisticsh andk were used to evaluate the betwdsmoratory consistenagnd within

laboratory consistency, respectively.

p —_—
S =\/é'1 (X -X°/(p B (4.1)
i=1
where:
ir = standard deviation of laboratory averages,
o = laboratory average for lab
) = average of all laboratory averages, and
p = number of laboratories in ILS.
P
s=.as'/p (4.2
i=1
where:
S = repeatability standard deviation and
S = within-laboratory standard deviation.
h=(% X)/s (4.3)
g=5/s (4.4)
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where:

d = betweeHraboratory consistency statistic and

d = within-laboratory consistency statistic.

The consistency statistidsandd were calculated for each laboratory, geometry, and
material combination to evaluate the consistency of the data collected in the ILS. The critical
value of each statistic is based on the number of laboratories and rafrtésts each laboratory
conducts. This study was designed to include seven laboratories and three cyclic fatigue tests for
each laboratory. The corresponding critical valueg|fandd for these conditions are2.05 and
2.03, respectively (ASTM E6920). Consistency statistics were calculated for botixhand
damage characteristic curve results described in the previous section.
4.3.1.2.Investigate Inconsistent Data

The inconsistent data flagged in the consistency test were investigated to make sure that
there were no procedural or reporting errors. It should be noted that the critical valuek of the
andk consistency statistics are calculated based on the 0.5 percent significance level, rather than
five percent often used in statistical analyses of mat€A83M E69120) (4). There are 4h
(or k) values for one singlpoint measures representing seven labs and six mixtures.

Theoretically, 0.21 out of 42 values that are expected to stand out as inconsistent according to the
0.5 percent significance levelh@&refore, any data that are flagged inconsistent require careful
investigation for rejection from precision statement development. Data ultimately deemed
inconsistent was removed from the dataset prior to computing the repeatability and

reproducibility stéstics.
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4.3.1.3.0btain Precision Statistics

In the AMPT cyclic fatigue ILS, each lab conducted three test determinations rather than
obtaining three test results. Therefore, the repeatability and reproducibility statistics that were
developed follow the guidan@e ASTM C670315, which is applicable to the development of
repeatability statements based on individual test determinations and results. ASTHROEG8Y
provides guidance for developing precision statements based on test results.

The repeatability stamad deviations, represents the standard deviation of test
determinations obtained under repeatability conditions. The reproducibility standard deviation
was taken to be rin this study, which represents the standard deviation of test results obtained
under reproducibility conditions (i.e., quantifies the difference between the test results of two
labs).

The corresponding repeatability and reproducibility coefficient of variations were

calculated using Equatiqd.5) and(4.6), respectively.

s%= 30C (4.5)
X
5.%=2 300 (4.6)
X
Where:
s% = repeatability coefficient of variation,
i Do = reproducibility coefficient of variation, and
) = average of all laboratory averages for shape factayerage of all

laboratory averages f@ value (becauss, i rincreases with the decrease

in C value).
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Due to the nature of the damage characteristic curvé; t&Svalue selected to carry
outsinglepoint measure is highly likely to affect the repeatability and reproducibility results.
Plots of repeatability and reproducibility coefficient of variations at differe@values were
evaluated to identify the sensitivity of the repeatabilityt eeproducibility to the chosen point
within the damage characteristic curve.

When the test determinations are the basis for repeatability, the-gpegigtor precision
statement is defined as the maximum allowable difference between multiple tesirddtens
or the maximum acceptable difference between test results obtained as the average of multiple
determinations (ASTM C6705).

For the repeatability of one test result wittest determinations, the maximum allowable
range, i.e., the difference teeen the highest and lowest test determinations, expressed as a

coefficient of variation, is calculated using Equat{d:r).

MAR= g, 3s(%) (4.7)
Where:
an = multiplier affected by the number of test determinationgsted inTable8,
MAR = maximum allowable range.

Table 8. Multiplier for repeatability statistic.

Number of test determinations| Multiplier
2.8
3.3
3.6
3.9
4.0
4.2
4.3
4.4
4.5

Blo|o|~N|o|o|sjwin
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ASTM C67015 does not give very prescriptive instructions for defining the
reproducibility of test results. It only spec
average of more than one test determination, multilaboratory precision is exipaess
maxi mum all owabl e difference between averages
Based on this guidance, the reproducibility precision of the AMPT cyclic fatigue tests were
defined using  which constitutes the standard deviationhef test results between two labs.
Correspondingly, Equatiof#.8) was used to define the reproducibility limit in terms of the
allowable difference in tesesults reported by two laboratories, expressed as a coefficient of
variation

d2s,, (%)= 2.8 35 (%, (4.8

where

d2spd(%) = allowable difference between test results reported by two laboratories

expressed as a coefficient of variation.

4.3.2.Advanced Analysis using a Functional Data Metric
4.3.2.1.Use viorm to define repeatability and reproducibility

To capture the variation of the entire damage characteristic curve among test replicates
better than the singlgoint measures, a variance indexin) was developed. The usewabmto
define the repeatabditand reproducibility of damage characteristic curve results requires some
deviation from the ASTM standards becausevie follows a gamma, rather than a normal,
distribution.

Thevnormis defined inEquationg4.9) to (4.11). Equationg4.10) and(4.11) show that
when calculating thenorm, theSvalues are first normalized to avoid bias based on the damage

characteristic curve length (i.&at failure). As shown by the integral in Equat{dt®), Vhorm
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encompasses the total area between indiviGuarsusS curves and the curve that resulted from
optimization of all individual curves with normalization based on the number of curves
considered and a scaling factkrThe multiplierk was applied t@hange the magnitude aform

from approximately 18to 1 for convenience.

K& A(C(S.) T S)° dS,

Voo = — (4.9)
Sew= S % Suctor (4.10
1
Stactor = 5. (4.12)
Where:
k = 1x10°, multiplier to change the magnitude,
¥ = the average of the corresponding failure value of each dataset,
(Sttaii+Srai+ € +Shail)/n,
C(Sewi = the fitted function foi" replicate aftenormalization,
6{Sew = the fitted function of all thdataafternormalizationand
n = the number oflamage characteristic curves.

Equationg4.12) through(4.14) are used to obtain the fitted functions after normalization
(i.e.,C(Sewi and6{Shew) in Equation(4.9) using the originally defined damage characteristic

curve model coefficients arffkcior (defined in Equatioii4.11)).

C( Sww) = 1 - CIl_ new iﬁ\?\/ﬂew (4-12)
C11_new = C11/ (SfactorCl 2) (4-13)
C12_new = C12 (4-14)
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Where:

C11_new C12_new= thefitted parameters after normalizatiand

Ci1, C12 = the fitted parameters before normalization.
4.3.2.1.1UsingVnorm to Define Repatability

Figure24illustratesthe calculation ofnormfor the purpose of evaluating damage
characteristic curve repeatabilifamage characteristic curve results for three specimens are
shown inFigure24(a). The'Y value is calculated by averaging &kt failure for three
specimens and the correspondsagoris calculated using Equati¢a.11). All Svalues are
normalized using Equatidd.10) and the correspondirrgscaledlamage characteristic curve
results are shown iRigure24(b). Fitted functions for individual specimens (i.e., Fit_individual)
and the overall fit fronthe aggregated results of all specimens (i.e., Fit_all) are shawgure
24(b) as well. The fitting coefficients in these cases are determinedkiragions(4.13) and
(4.14). The individual specimen curvereaused to calculaté(S.ew)i and the overall fit is used to
calculated{Sew) and determinenom using Equatiorf4.15) (obtained by substituting Equation

(4.12) and the equivalent for the overall fit into Equat{d®) and solving the integral)

n ~2 2 —
e Cll_new " Cll i_new Cll_nevpll- i_new
k@ 2

i=1 2C_:12_new +1 2C +1 612_new € 1

n-1 (4.15)

12 i_new 12- i_new

norm —

Where
C11i_new, C12i new= the fitted parameters for specimeafter normalizatiorand

CG11_new G12 new= the fitted parameters for all three specimens aftemalization.
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Figure 24. An example for calculating repeatabilityvnorm: (a) finding -||_ Wor three
specimens and (b) normalizings values and fitting individual and overall damage
characteristic curves.

4.3.2.1.2Using wormto Define Reproducibility
Thevnhormto define damage characteristic curve reproducibility is given in Equ@tibs)
. It is noted that the denominator is one in Equaid#®) when calculatingimorm to evaluate the

reproducibilityof the results of two laboratoriegcause equals two in this case

2 4 _ —
Vnorm = k é ra(C( Smm)i q ‘Qﬁev))z dﬁew (4-16)
i=1
Where:
6(9) = the fitted function foi'" lab afternormalizationand
c")"(S) = the fitted function of two labs being compasdter normalization.

Figure25illustrates themorm approach for calculating the reproducibility of damage
characteristic curves using Equati@nl6). Figure25(a) shows the selected data points of fitted
curves for the indiidual labs, obtained from the collective results of three test specimens. The
damage at failure for each fitted curve is the maximum damage at f&haxgeacross all the
specimens of each lab. The selected data points for each fitted cubasedeon predefined
damage values of 0, 100, 300, 500, 1000, and damage values with an intervax 8£8.06m
0.05% Smaxto Smax The™Y  value is calculated by averagifigaxof two labs and th&actor for

reproducibility is calculated using Eajion (4.11). Figure25(b) presents the fitted curverass
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two lab results with the selected data poifitse fitted curves for each lab and the fitted curve

across two lab results are then rescaled,é&ﬁd;vv) is determined for each of the three fitted
curves; corresponding rescaled model fitting coefficients are determined using Eqiéati®ns
and(4.14). The reproducibilitwnorm captures the reproducibility of two test results and is
calculated using Equatiqd.17). Recall that a test result is the damage characteristic curve that

best fits the collectiv€(S) data from three test specimens

2

v — Kk é _Ell_new _Lélzl—iinew 2 Cll—newéll'i new (417)
rorm i=1 2C_:12_new+1 2C, i newtl Elz_new '*C_:iz-i,new :H

Where
C11i_new C12i new= the fitted parameters for latafter normalization.

G11.new 12 new= the fitted parameters for both lab results after normalization.

1
09 F (a) o Lab 1-FlexMat 0.9 \(b) _ ; t:ﬁ ;E:Zim;
0.8 'Qo. o Lab 2-FlexMat 08 r Cnew)s ——Fit_each lab
07 | °e 0.7 r C(Suew) — — Fit_2 labs
06 | %, 06 |

0os | ®e0 005
04 b °% s @ 04 |
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Figure 25. An example for calculating reproducibility vaorm: (a) finding 1|. #or two lab
results and (b)normalizing Svalues and fitting overall damage characteristic curves

4.3.2.1.3Precision Statements

It has been shown thet.m values obtained from different operators for a given material
follow a gamma distribution, defined in Ediga (4.18). The analysis procedures in ASTM
E691-20 and C674L5 are only directly applicable to test results that follow a normal

distribution. Thereforeynormis not directly amenable to the guidance for precision statement
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development given in the ASTM standards. However, the underlying principle behind the
precision statement developed in the ASTM standards was used as the basis for developing a
precisionstatement usinghormherein. That is, a gamma distribution was fit using the ILS results
and was subsequently used to define the maximum limitderthat will be exceeded with a

probability of 5 percent if the test is executed properly.

vete
Voo ~ Gamma K/), §( \):m (4.18)
Where:
K = the shape parameter in gamma distribution,
> = the scale paraeter in gamma distribution.

4.3.3.Analysis of the Implications of the Precision Statements on Uncertainty in Practical

Applications of the Test Results

4331Uncertainty in FlexPAVEE %Damage Predictio
One of the primary uses of the AMPT cyclic fatigue test resuttsee mechanistic

prediction of fatigue damage evolution using FlexPANVEFlexPAVE™ Version 1.1, developed

under the sponsorship of FHW&,a pavemenperformance analysis software package that uses

|E*| and SVECD models to integrate the effects of loading rate and temperature into a structural

model that then computes the pavement®s respo

program alculates the lon¢germ fatigue damage and rut depth of asphalt pavements under

changing environmental and loading conditions. The output from FlexPAsiEulations of

fatigue cracking is the percentage of dam@gBamagé, which is computed as the rabbthe

damaged crossection area to the total effective cregstional area; additional details are

provided elsewher@3). Ghanbari recently established a method to estimate how the
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uncertainties from material model inputs propagate to uncertai@tpemmagepredictions

obtained from FlexPAVE (19). This framework was adopted herein to evaluate the

implications of the combined uncertainty in the damage characteristic curve and failure criterion
results of the AMPT cyclic fatigue test results, accordintipe proposed precision limits

developed based on the ILS test reswoltsthe uncertainty ifloDamagepredictions.

Ghanbarused Bayesian inferendmsed MCMC methods to estimate how the
uncertainties from the mat eertauackrtaimidteel 6s i nput
FlexPAVE™ Version 1.1 predicted pavement performance (#®3t, predictiveenvelopes at
predefined statistical levels were generated for each material model independentf|(i.e.,
damage characteristic curve, and failureecidin) using the MCMC methodhe predictive
envelope defines the range that a new observation will fall into with a defined level of
probability.Based on predictive envelope, 1,000 possible results for each of the three models
were generated. Next, 1,0p0ssible sets of FlexPAVE inputswere generated by randomly
sampling from the distributions of material model inputs without replacement.

FlexPAVE™ simulations were then conducted using these inputs to generate 1,000 sets
of %Damageresults that reflet the uncertainty in pavement performance simulation as a
conseqguence of the material model uncertaifitys analysis framework was carried out using
different materials, pavement structures, traffic conditions, climate conditions, and base and
subgradenodul i . Ghanbari 6s anal ysi $Damagadefinedby at ed |
the standard deviation in the predictéamage depends on the averaggdamageand
material model uncertainty, irrespective of the pavement simulation conditions (i.e., structure,
traffic, climate), as shown in Equati¢h19). Correspadingly, Equatior(4.20) was defined to

relate uncertainty ifbDamagepredictions to uncertainty in tHg*| and cyclic fatigue model
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uncertainties. Theswta in Equation(4.20) is defined by summing the contributions from

uncertainty in th¢E*| model, damage characteristic model, and failure criterion, as shown

Equationg4.21) to (4.26).
%D, = %D Z, Std,
Stthora = &om(% D
a., =028 +0.5%, .83
8, =0.02561{ 1 ¢ e
a, =0.02519°>°
a, =5.26573 GDR_test )
o o=y (OF D)
| e test:i N g-a-‘E'ﬂt_i,j - E' _avg ,j|
- N2 E's av.j
Where
%Dp = predicted damage at the reliability le¥l
Zp = standard normal deviate corresponding to reliability 18yel
Stdroa = Standard deviation dfhDamage
%D = averag&Damage
lLve test = linearviscoelastic |E*| model) variation index from test results,
Ior est = DR variation index from test results,
N = number of test specimens,
DiR = DRvalue fori™ specimen,

(4.19)

(4.20)

(4.21)

(4.22)

(4.23)

(4.24)

(4.25

(4.26)
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Diit” = averageDR value for all theN specimens,

E @i = fitted storage modulus from the fitted curve forithepecimen ang"

temperature and frequen@and

E@ag = storage modulus from the fitted curve using alNafpecimens at th&

temperature and frequency.

All of the ILS results that medthe proposed repeatability and reproducibility precision
limits were used to identify the maximum uncertainty in%ieamagepredictions from
FlexPAVEMaccor di ng t o Gh &igube26preserss the precedaravusead ko.
assess the repeatability¥%Damagepredictions, which defines the uncertaintyAbamagen
one test result @., three test specimens) obtained in a single laboratory on a single material. As
shown in this figure, ultimatelynormis selected for defining damage characteristic curve
repeatability and thus, used herein.

The repeatabilitynorm and maximunDR difference across three specimens were
calculated for each laboratory and each mixture. If ieth and maximunDR results met the
repeatability precision limits, which indicates the repeatability is acceptable, then the
repeatabilityvnorm @ndlpr_testwere used to calculat@roal in Equation(4.21).Since this analysis is
focused on identifying uncertainty induced from the cyclic fatigue test egn&hich reflects
the contribution of variation in th&*| curve results t@oDamageuncertainty, was set to zero.
The calculate@rotawas then usedtcalculate the standard deviatiorfiiDamageusing
Equation(4.20). Finally, the standard deviation was used to calculate the 95 percent confidence
interval of %oDamageusing Equatiorf4.19). A %Damageof 15 percent was used in all analyses
conducted herein because it reflects a critical point in the transfeioiuticat relate%Damage

to field observations of cracking (20). BelowZdbamagelittle fatigue cracking is observed
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on pavement surfaces but after this limit, small incremersDamagecorrespond to notable

increases in field cracking.

Onelaboratoryd sesult
|
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Figure 26. The procedure to assess uncertainty iloDamagepredictions under
repeatability conditions.

Figure27 presents the poedure used to assess uncertaingpDamagepredictions for
any two laboratory results obtained using the same material under reproducibility conditions.
First, the individual results of the two labs under consideration were evaluated. If the
repeatabiliy limits for vnorm or DR were exceeded, the data was not used for reproducibility
analysis. If the differences in the test results between the two labs exceeded reproducibility limits
for these parameters, the data was also rejected from the analysis. Ifpai r of | absd
both repeatability and reproducibility limits, then the reproducibiitym andlpr_testwere used
to calculateatotal in Equation(4.21). Consistent with repeatability analysas,which reflects the

contribution of variation in thiE*| curve results t&oDamageuncertainty, was set to zeio.
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should be noted that reproducityillpr_estuses the averade® for each laboratory asi®. The
calculatedarotawas then used to calculate the standard deviatiBsDamageusing Equation

(4.20). Finally, the standard deviation was used to calculate the 95 percent confidence interval
of %Damageusing Equatior{4.19). An averagéoDamageof 15 percent was used in all

analyses, consistent with the repeatability analyses.

The repeatability uncertainty was comput ed
mixture and specimen geometry combination. The reproducibility uncertainty was computed for
each pair of the seven | abdéds results for each
were 42 results for the repeatability analysis and 126 (i.e., 2&s6)ts for the reproducibility
analysis before rejecting results that did not meet the proposed precision limits.

Ultimately, the results of the FlexPAVE analysis were used to define the maximum
and median repeatability standard deviatioPi@famageor each mixture and specimen
geometry combination and the maximum and median reproducibility standard deviation
of %Damagefor each mixture and specimen geometry combination. These maximum and
median standard deviations were used to perform assessmdmsraxtimum and common

uncertainty expected for test results that meet the precision statements established in this study.
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Figure 27. The procedure to assess uncertainty iloDamagepredictions under

4.3.3.2.Uncertainty in Apparent Damage Capacity

reproducibility conditions.

AMPT cyclic fatigue test resultsan also be used to calculate an index parameter to

indicateasphalt mixturdatigue resistanceermed the apparent damage capa&y,) and

defined inEquation(4.27) (21). The SppVvalueincorporates he ef f ect s

of

mater i

toughness on its fatigue resistance am@hsureshe anount of fatigue damage the material can

tolerateunder loading. The temperature for fgp calculation is equal to the average of hkigh

and lowtemperature grades thestandard 9&ercenteliability levelminus 3 for the climate

where the mixture is to be placed. Higlsesp values indicaténcreasedatigue resistance. The
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Sipp valueis sensitive to mixture factors (e.g., aggregate gradation, asphalt binder content, RAP
content, and asphalt binder grade), compagctod aging and meets general expectations
regardingthe efiects of these parameters on fatiguacking performancg1). Similar to
the%Damageanalysis, the implications of the combined variation in the damage characteristic
curve and failure criterion results permitted under the proposed precision limits on the

uncertainty inSspp Were evaluated.

L &pR §"
¥,
S, =100 — 0 (4.27)
E
Where:
U = damage growth rate
ar = timel temperature shift factor at a given temperature.

A framework to quantify&pp uncertainty due to the combined uncertainty in damage
characteristic curve and failuceiterion results was developed that is analogous to framework
that Ghanbari used to quantifyDamageuncertainty Figure28 presents the flow chartifo
assessing the uncertaintySgpin one test result (i.e., three test specimens) obtained in a single
laboratory on a single material. Consistent with%i@amageanalysis, data was only
incorporated into the analysis if the repeatability limitsvigm or DR were met when analyzing
the uncertainty ir&pp. The results meeting the repeatability limits were used to generate
independent predictive intervals fdamage characteristizirvesandDR using the MCMC
method. The predictive intervals represent the range that a new test datem{aitherdamage
characteristicurve orDR value) will fall within with 95percent probability. Then, 5,000
possibledamage characteristizirves andR determinations were simulated based on the

prediction intervals. Next, three sets of damage chexiatit curve andR determinations were
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randomly selected from the 5,000 sets of simulated parameters to reflect three test determinations
that comprise a possible test result. The collective results of the three simulated test
determinations were useddalculate an averadge® value and damage characteristic curve
fitting coefficients which constitute an AMPT cyclic fatigue test restilie process of randomly
sampling three test determinations to constitute a possible test result was conducted 5,000 times
with replacement and used to calculate 5,000 corresponding simBl{gtedlues from a given
lab. Consistent with the other analysighin this study, consistefE*| were used in al&pp
calculations for a given specimen geometry and mixture combination, irrespective of the lab.

The 95 percent confidence interval was defined using the 5,000 simB|gdedlues and
the values falling within the bounds, corresponding to 2.5 and 97.5 percentiles, were used to
calculate th&pp coefficient of variation according to Equati@h28). The analysis was

conducted for each mixture, lab, and specimen geometry combination.

N

a (Sapp- i” Tsépp)/( N 1)

COV,, % =2 3100 (4.28)
app
Where:
N = number of simulations the 95 percent confidence interv&r 0.
Sappi = Sypp value for the'™ simulation.
Spp = averagespp value acros$l simulations.

Figure29 presents the framework used to assess the uncertafay obtained using the
same material and specimen geometry under reproducibility conditions. Consistent with
the%Damageanalysis, onf data that met both repeatability and reproducibility precision limits
were included in the analysis of the uncertaint§gunder reproducibility conditions. If a pair

of Iabsdé results met both repeatraentilelandOf%5 and r
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percentileSypp values from each of the two labs, obtained from the repeatability analysis
described above, were used to calculate the reproducibility COV%pfpaccording to
Equationg4.29) and(4.30). That is, the reported reproducibility COV% reflects the maximum
possible betweetaboratory variations ifspp results basgon the 95 percent confidence

intervals forSypp results within a given lab.

COV,,,%=max{ COV(S,, >, §po"") CON §,.°°. 5.7 (429

X+ % °x+2&
IS L ¥

a
Cov = X - 108 4.30
(XY \/ge > > e (4.30)

Where:

Spp12®  =the 2.5 percentile @pp for laboratory 1,

Spp1’™® = the 97.5 percentile &ppfor laboratory 1,

Spp22®  =the 2.5 percentile @pp for laboratory 2, and

Spp2’™® = the 97.5 percentile &ppfor laboratory 2.

COV(x,y) = COV between andy.

Consistent with th&Damageanalysis, th&spp repeatability uncertainty was computed
for each of the seven | abds results for each
reproducibility uncertainty was computed for
and geometry combinatio total, there were 42 results for the repeatability analysis and 126
(i.e., 21>6) results for the reproducibility analysis before rejecting results that did not meet the
proposed precision limits. The maximum and median repeatability and reprodu&igity
COV% of Sypp for each mixture and specimen geometry combination were extracted to provide
measures of the typical and maximum possible

meeting the proposed precision limits.
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Figure 28. The procedure to assess uncertainty iBapp values under repeatability
conditions.
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Figure 29. The procedure to assess uncertainty iSapp values under reproducibility
conditions.

4.4.Results
4.4.1.Statistical Analysis of IL&Results
4.4.1.1.Consistency Statistics

The consistency of the test results was evaluated using the seven selectedpsingle
parameters to evaluate the damage characteristic curve and failure criterion in accordance with
ASTM E691.The analysis yielded a totaf 84 consistency statistics (42 fipand 42 ford) for

each singlgooint parametefTable9 summarizes the percentage of the consistency statistics that
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exceed the critical value for each parameter. The analysis indicated that there is a high degree of
consistency within and betwe&boratories. All of the flagged data failed the witkaboratory
consistency test. All of the i nmmlarageimxt ent res
results corresponding to tievalues aGnin, Smean Smax and shape factors &teanand Smax.

Labor at o-mmlargeGmecimfen sults were reviewed and no procedural or data
gual ity issues were identified. The i mpact of
investigated by conducting the repeatability and reproducibility analysisg®.5mm mix
| arge specimen results both including Laborat
comparison indicated that excluding the Laboratory En@1® mix large specimen data provides
more consistent trends with respect to NMAS than when thésesa included. Therefore,

Labor at o-mm miubedarg® spécimen data was ultimately excluded from the statistical
analysis used to develop the precision statement. The following results presented do not include
Labor at o-mm miEldrge sp@imeh data.

Table 9. Percentageof data exceedingcritical consistencyvalue.

Percent | C@ C@ C@ | Shape@| Shape@| Shape@ R Al
(%) Smin Snean Smax Smin Srean Srax

q(bgk‘;‘;ee“ 0.00/ 0.00 |0.00| 0.00 0.00 0.00 |0.00|0.00

d(‘l"gg;'”' 2.38| 238 |238| 0.00 2.38 2.38 | 0.00|2.04

4.4.1.2.Singlepoint Measure Repeatability and Reproducibility Analysis Conducted in
Accordance with ASTM E691

The repeatabilityg%) and reproducibility $x%) coefficient of variation results for
damagecharacteristic curve are presentedablel0. The col ummmlargeBe |l ed f9.
excluded.aboratoryE data; this naming is followed in the remaining tables presented in this
report. The results show that the coefficients of variation change with the Gwsiere for

analysis in terms of bot@ value and shape factor. However, there is no clear trend éretive
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chosen S value and the corresponding coefficient of variation that suits all the mixtures with
different geometry. The repeatability and reproducibility coefficients of variation for the damage
characteristic curve parameters are generally highehéo19mm and 25mm mixtures than the
smaller NMAS mixture results for a given specimen geometry, which matches expectations.
However, trends with respect to NMAS are less clear iDthesults. TheDR coefficient of

variation results show that the-b8m small mixture has the highest repeatability coefficient of
variation and 9.8nm large mixture has the highest reproducibility coefficient of variation even
when excluding.aboratorye 6 s dat a.

Table 10. Repeatability andreprodudbility coefficient of variation.

95| 95| 95| 95 |125|125|125|125

19S | 19S| 250 | 250

S S |L-E|L-E| S S L L
Parameters v = v v = v
0, ® 0, ® 0, ® 0, ° 0, ° 0, °
S$% % S$% % S$% % $% % S$% % 5% %

C@Snin 1.7912.30|1.88|2.74| 2.57| 2.62| 2.58|2.91| 6.24 | 7.40| 6.10| 5.82
C@Smean | 1.77|2.2411.71]3.17|3.42|3.21|2.82| 3.65| 6.54 | 7.69| 6.74| 5.12
C @Smax 1.82]12.25/1.69|3.32|4.47|3.88| 3.15|4.56| 6.80 | 7.92| 7.39| 4.86
Shape@min | 2.17| 2.64|2.41|2.52| 2.76| 2.46| 2.19| 1.58| 6.07 | 7.15| 6.02| 6.80
Shape@mean| 1.91] 2.41| 2.08| 2.54| 2.43| 2.46| 2.35| 2.15| 6.19 | 7.34| 6.08| 5.83
Shape@max | 1.82| 2.33| 2.00| 2.59| 2.85| 2.80| 2.60| 2.98| 6.35 | 7.50| 6.42| 5.35
DR 5.2416.19|4.14| 9.27|6.41| 4.85| 4.83| 5.82| 12.85| 7.07| 7.68| 6.23
Figure30 andFigure31 present the variation in the repeatability and reproducibility

coefficients of variation as a function of the aver@gealue forC values at a specifi§value

and shape factors, respectively. The trend for each mixture in terms ofzithkere or shape
factor was captured by us $(h0g0 uaits @intil a maxignums pac e d
value of 10). Therefore, trends conveyed by the lineFigure30 andFigure31reflect the true

trend sincenterpolation to form the lines was minimal. The aver@galues corresponding to

Shin, Smean aNdSnaxare identified as points (chos&nto provide context to the results shown in
Table10. Both C values and shape factor show similar trends in their coefficients of variation

with respect to the avera@evalue at which the parameter is evaluated. These results indicate
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that shape factor, although egpsed as area of damage characteristic curve results, provides

similar information to th& value alone. The results also suggest that defining the test precision

based orC (or shape factor) at the averag§eorresponding to () = 0.7 may help avoid bias to

the chosersvalue when a single point measure of the damage characteristic curve is used. The

results clearly indicate higher variation within and across laboratories in-menl&nd 25mm

mixtures compared to the smaller M& mixtures.
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Figure 30. Sensitivity analysis of repeatability and reproducibility coefficient of variation
on singlepoint C value selection: (a) epeatability and (b) reproducibility.
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Figure 31. Sensitivity analysis of repeatability and reproducibility coefficient of variation
on singlepoint shape factor selection: (a) repeatability and (b) reproducibility.

Repeatability and reproducibility limits for the siegloint measuresJ value and shape

factor) were developed using the repeatability and reproducibility coefficients of variation with

(1-d) = 0.7 (i.e., an averagevalue of 0.3) for damage characteristic curve results based on the

results of the sensiiity analysis. Limits foDR were defined using the repeatability and
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reproducibility standard deviation becal®®is a singlepoint measure that is independent of the
selection ofS. In accordance with the ASTM E1189 and C67€L5 standards, thepeatability

and reproducibility limits define the variation in the result that will not be exceeded with 95
percent confidenc&he results are shown irable11to Table13. The limits for the

repeatability of three specimens are conveyed as the maximum allowable difference among three
specimens (CO%) according to Equatiof#.7). The reproducibility limits convey the maximum
allowable difference of two test results obtained in different laboratories ¥0)@¥fined

according to Equatio@.8). In general, the repeatability and reproducibility limits increase with
increasing NMAS for a given specimen geomefitye only exception is th@R reproducibility

limits, which do not reflect clear trend with respect to NMAS. Note that the repeatability limits
for |E*| and phase angle in AASHTO T 3I8.depend on modulus and NMAS but that the
reproducibility limits arendependent of NMAS. Thus, the trends in repeatability and
reproducibility with respect to NMAS observed herein align with the findings of the AASHTO T
378 ILS.

Table 11. Repeatability andreproducibilit;a}limits (Coefficient of Variation) for C value at
(1-gy=0.7.

. Repeatabilit Reproducibilit
Mixtures (/FI)/IAR%) ! E)dZSpd%) ’
9.5S 5.85 6.28
9.5L 5.75 8.49
12.5S 9.38 7.90
12.5L 8.52 8.18
19S 21.45 21.44
25L 21.48 14.78
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=0.7.

Table 12. Repeatability andreproducibility limits (Coefficient of Variation) for Shape
Factor at (1-db

. Repeatabilit Reproducibilit
Mixtures (/F|)4AR%) g Ié)dzsrpof)/o) ’
9.5S 6.26 6.72
9.5L 7.03 7.04
12.5S 8.33 6.72
12.5L 7.25 4.46
19S 20.37 20.48
25L 19.81 17.03
Table 13. Repeatability andreproducibility precision statements gtandard deviation) of
DR
. Average | Repeatability | Reproducibility
Mixture | rx (MAR) (0250)
9.5S 0.507 0.088 0.088
9.5L-E 0.479 0.065 0.124
12.5S 0.608 0.129 0.083
12.5L 0.559 0.089 0.091
19S 0.505 0.214 0.100
25L 0.488 0.124 0.085

4.4.1.3.Advanced Analysis of Damage Characteristic Curve Repeatability and Reproducibility
using a Functional Data Metric

Tablel4to Table16 show the results with average dynamic modulusTaiie17 to
Table19with lab specific dynamic modulus.

Table1l4 andTablel5 show thevhorm Values calcwdted using the ILS test results in terms
of repeatability and reproducibility, respectively. The corresponding precision limit results are
shown inTable16. These precision limits were defined by fitting the gamma function given in
Equation(4.18) to the distribution ofmorm repeatability and reproducibilitesults, separately,
and using the resultant gamma functions to defineaelimits that would not be exceeded
with 95 percent confidence. Analysis for 9rbn large mixture was conducted without
Laboratory E data. Precision limit analysis for repaétalin Table16. Tablel16identified the

repedability of one test result, i.e., repeatability among three test determinations.
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Generally, increasing the NMAS yields higher repeatability and reproducibility limits for
Vhorm (@nd hence, indicates higher variance) for a given specimen geometry. Trends with respect
to specimen geometry vary, indicating separate precision limits may be warranted for the two
specimen geometries. In two cases, 48rG small specimen geometry arist®m mixture large
specimen geometry, the reproducibiNiygm limits are smaller than the corresponding
repeatability limits. Becaus&om for assessing repeatability assesses variation among test
determinations (i.e., among three individual test spesghandmom for assessing
reproducibility assesses variation among test results (i.e., results of three test specimens each in
two labs), they are not directly comparable. The variation in three individual specimens is
expected to exceed the variatiorthhe average results of two sets of three specimens, which may
explain the observed trends for ther@m mixture and 12:/m small specimen results.

The repeatabilitynorm results with lab specific dynamic modulus showi able17 are
close to the results with average dynamic modulus. However, the reprodugibilityesults
with lab specific dynamic modulus shownTiable18 do show some difference to the results
with average dynamic modulus especially for8l large mix, 12.5nm small mix, 19mm
small mix, and 28mm large mixFor 9.5mm large mix, 19mm small mix, and 25nm large
mix, the reproducibilitynorm between Lab G and other Labs using lab specific dynamicimed
are much higher than using the average dynamic modulus. Femi2 &mall mix, the
reproducibilityvnorm between Lab G and other Labs and between Lab C and other labs using lab
specific dynamic modulus are both much higher than using the average dynamic miahlkis.
20 presents the alpha value for lab specific dynamic modulus results and average dynamic
modulus results. It is clear that Lab C and Lab G fos-t@n smallmix, Lab G for 19mm small

mix, and Lab G for 28nm large mix have higher alpha value than otherritbaes, which
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explains the reproducibilitynorm difference described above. The alpha value of Lab G fer 9.5
mm large mix does not have very different results compared to other Labs; the behavior in
reproducibilityvnorm difference is probably more ramoh, meaning the lab specific dynamic
modulus somehow separate the damage characteristic curves between Lab G and other Labs.

Table 14. Repeatability vnorm for different labs anddifferent materials.

9.5S| 9.5L | 12.5S| 12.5L | 19S | 25L
LaboratoryA | 55| 146 | 0.7 | 98.3 | 6.4 |527.9
LaboratoryB | 12.1| 1.5 | 38.3 | 21.7 | 274.8| 142.7
LaboratoryC | 2.3 | 6.3 | 38.7| 0.3 | 38.2| 11.2
LaboratoryD | 14.7| 0.4 | 88.4 | 3.7 | 19.9 | 66.0
LaboratoryE | 20.6| 107.0| 21.4 | 16.6 | 163.0| 68.8
LaboratoryF | 7.3 | 4.2 | 49.9 | 25.9 | 117.7| 68.6
LaboratoryG| 29 | 398 | 75 | 149 | 19 | 384
Table 15. Reproducibility vnorm for different labs anddifferent materials.

Laboratory comparison| 9.5S| 9.5L | 12.5S| 12.5L | 19S| 25L

A-B 6 9 2 58 [170]| 89

A-C 15 | 46 49 82 |105| 19

A-D 23 8 8 131 | 1 | 62

A-E 64 | 65 26 99 | 32 | 174

A-F 43 | 11 20 1 113| 81

A-G 27 6 4 55 | 174| 76

B-C 2 40 37 8 7 | 42

B-D 6 9 10 23 ]188]| 15

B-E 33 | 38 21 13 | 54 | 15

B-F 18 6 11 65 8 1

B-G 8 20 13 6 680 | 280

C-D 2 18 84 4 1171 9

C-E 18 7 19 0 22 | 83

C-F 7 88 9 97 3 | 51

C-G 3 87 | 104 4 |516] 102

D-E 14 | 32 47 3 39 | 46

D-F 6 29 35 154 |130| 24

D-G 0 28 16 16 | 144 184

E-F 2 77 10 119 | 22 | 11

E-G 12 | 104 | 80 6 |332] 400

F-G 5 9 54 69 |592]| 290
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Table 16. Repeatability andreproducibility precision statements with Vaorm.

Mix/Geometry Repeatability Limit 95% Reproducibility Limit 95%
Confidence Confidence

9.5S 22 46

9.5L-E 38 82

12.5S 108 86

12.5L 88 170
19S 314 580
25L 401 313

Table 17. Repeatability vnorm for different labs anddifferent materials with lab specific
dynamic modulus

9.5S|9.5L | 12.5S| 12.5L | 19S | 25L
Laboratory A| 49 | 147 | 11 98.8 | 10.9 | 483.8
Laboratory B| 12.1 | 1.7 | 37.2 | 22.2 |284.4| 136.4
Laboratory C| 15 | 6.1 | 19.0 04 | 324 13.0
Laboratory D| 145 | 0.2 | 80.7 7.4 | 210 | 68.4
Laboratory E| 15.3 | 120.0| 16.1 | 37.2 | 334.0| 77.8
Laboratory F| 8.3 | 10.6 | 55.1 | 13.0 |124.1| 84.2
Laboratory G| 2.7 | 41.8| 5.9 156 | 1.4 [102.7

Table 18. Reproducibility vhorm for different labs anddifferent materials with lab specific
dynamic modulus

Laboratory comparison | 9.5S| 9.5L | 12.5S| 12.5L | 19S| 25L
A-B 3 9 42 4 44 | 180
A-C 10 1 637 19 31 | 36
A-D 3 7 60 66 0 | 472
A-E 34 49 24 25 1 | 447
A-F 2 18 20 86 49 | 153
A-G 5 138 | 538 16 858 | 804
B-C 2 10 354 15 140 | 253
B-D 8 28 5 47 42 | 71
B-E 19 25 33 11 48 | 67
B-F 9 22 10 80 0 0
B-G 10 | 198 | 289 5 1320| 1837
C-D 15 10 361 76 31 | 516
C-E 9 42 577 9 24 | 492
C-F 20 27 486 171 | 150 | 248
C-G 17 | 154 15 23 534 | 623
D-E 50 93 40 41 1 0
D-F 6 18 12 56 47 | 47
D-G 0 100 | 348 18 830 | 2762
E-F 48 97 11 129 53 | 42
E-G 51 | 336 | 584 8 783 | 2691
F-G 8 98 448 76 | 1427|1725
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Table 19. Repeatability andreproducibility precision statements with vaorm With lab specific
dynamic modulus.

Mix/Geometry Repeatability Limit 95% Reproducibility Limit 95%
Confidence Confidence

9.5S 20 47

9.5L-E 44 186

12.5S 94 828

12.5L 92 132
19S 424 1394
25L 384 2617

Table 20. Alpha results for different labs and different materials.

9.5S| 9.5L | 12.5S| 12.5L | 19S| 25L

Laboratory A 3.05| 3.13 | 3.69 | 4.02 | 3.26| 3.24
Laboratory B 297 | 3.09 | 3.75 | 4.31 |3.36| 3.37
Laboratory C 3.02| 3.14 | 463 | 4.17 |3.61| 3.37
Laboratory D 314 | 3.27 | 3.77 | 4.34 |3.21] 3.30
Laboratory E 3.21| 3.14 | 3.70 | 4.47 |3.33] 355
Laboratory F 3.24 | 3.05| 395 | 3.76 | 3.34| 3.29
Laboratory G 3.17 | 3.18 | 4.05 | 4.05 | 3.63| 4.05
Average Dynamic Moduluj 3.10 | 3.12 | 3.88 | 4.04 | 3.41| 3.41

4.4.1.4.Evaluation of repeatability anceproducibility trends with respect to NMAS
Figure32 andFigure33 present thevaluation of repeatability and reproducibility trends
with respect to NMAS and specimen geometry for damage characteristic Cwakei€, shape
factor, vnorm) andDR, respectively. Fo€ value and shape factor, the repeatability statisgé,
and reproducibility statisticb, were extracted for an averaged)lequals to 0.7. The analysis
for9.5mm | arge mi xture does not include Laborato
Figure32 shows that within laboratory variation increases as the NMAS increases for a
given specimen geometry irrespective of the measure in ter@gailfie, shape factovyorm, and
DR. The damage characteristic curve measi€as{ue, shape factoveerm) generally indicate
similar repeatability between the large and small specimen geometry for meSahid 12.5
mm mixtures regardless of the parameter of evaluation. Timen25nix large specimen results

show similar repeatability to 3 m mix smallspecimen results in terms Gfvalue and shape
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factor but a higher repeatability limit based onhgn approach. Although showing the same
increasing trend with NMAS for a given specimen geometry, the trendDRiih somewhat
different than the damage characteristic curve trends. The small specimen g&esuits of
the 9.5mm and 12.5mm mixtures has higher within laboratory variation compared to large
specimen geometry. Furthermore, then@® mix large speanen results indicated less within

laboratory variation iDR compared to 1:8nm mix small specimen geometry results.
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Figure 32. Repeatability analysis comparison between singlgoint measure andvnorm
approach: (a) repeatability analysisusing single-point C value, (b) repeatability analysis
using single-point shapefactor, (c) repeatability analysisusing vnorm, and (d) repeatability
analysisusing DR.

Figure33 shows similar increasing trendsvifm with increasing NMAS for a given
specimen geometry. Tlgvalue and sape factor measures both indicate higher between
laboratory variation in the 38 m and 25mm mixtures compared to the 91@m and 12.5mm

mixtures; however trends among 9bn and 12.5mm mixtures are somewhat inconsistent. The
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25-mm mix has lower betwedaboratory variation than the 48m mix in all damage

characteristic curve measures regardless of the parameters. All damage characteristic curve

measures indicate the highest betwksdroratory variation in the 3&m mixture small

specimen results. Sintlee 25mm mix was used with the large specimen geometry andri9

mix was used with the small specimen geometry, these results match expectations. Hivever,

measures again presents different trends with NMAS compared to damage characteristic curve

measues. All mixtures have similar between laboratory varianceBfarrespective with

NMAS and geometries, although 9v&im large mixture has somewhat higher reproducibility

variation than any other mixtures.
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Figure 33. Reproducibility analysis comparison between singtpoint measure andvnorm
approach: (a) reproducibility analysisusing single-point C value, (b) reproducibility
analysisusing single-point shapefactor, (c) reproducibility analysis using Vnorm, and (d)

reproducibility analysisusing DR.
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4.4.1.5.Establishment of the Recommended Precision Statements
4.4.1.5.1Damage Characteristic Curve

Given the clear NMAS dependence observed invihie results and its advantage of
considering the entire damage characteristic curve rather than a single point within the curve,
Vhorm IS recommended for quantifying repeatability and reproducibility of damage characteristic
curve results. Thenom limits given inTable16. Table16 are proposed for defimg the
repeatability and reproducibility of damage characteristic curve results of the AMPT cyclic
fatigue tests; these limits are a function of NMAS and specimen geometry.
4.4.1.5.2 Failure Criterion

Given the clear NMAS dependencelt repeatability shown ifrigure32, it is
recommended that the NMAS and specimen geometry spBEifiepeatability limits given in
Tablel3 are incorporated into the AMPT cyclic fatigue test standard precision statement.
However, theDR reproducibility results shown iRigure33 do not indicate NMAS dependence.
In fact, the reproducibility precision for different mixtures within a given specimen geometry are
close to each other exatefor the 9.5mm large mixture specimen results, which exhibit the
highest betweetaboratory variation, for unknown reasons. Given the lack of a clear trend in the
reproducibility ofDR with respect to NMAS, the collective ILS results of each specimen
geometry were aggregated together and used to define specimen gespeeific limits for the
difference inDR test results between two labs that are not expected to be exceeded with 95
percent confidence; this approach follows the underlying premise biflemiecision statement
development guidance given in ASTM E62Qand C67615. Correspondingly, the following

analysis steps were used to define the precision statem@it feproducibility:
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1. Calculate the averade® value of three specimens for each, lmixture, and
geometry combination.

2. Compute the difference between the ave@Qef each pair of labs for each
mixture with different NMAS and geometry. Each pair of labs yielded two results
(i.e., Laboratory A minus Laboratory B and Laboratory B mioaisoratory A for
9.5mm small mix).

3. Divide the data computed in Step 2 into two groups according to the mixture
geometry (small versus large).

4. Test whether the data is normally distributed using the Shayiikotest (24) for
each group.

5. Fit a normal disibution to the data in Step 3 in each group with mean and
standard deviation using maximtikelihood fitting method (25).

6. Calculate the 95 percent confidence interval to find the maximum allowable
difference inDR test results between two laboratories.

A summary of théR reproducibility analysis results, aggregating all mixture results for a
given geometry, are presentedliable21. The number of data points for the large specimen
geometry mixture is smaller than for small specimen geometry because Laboratory E data was
excluded from the 9-5hm large specimen data, agypusly discussed. Both small and large
specimen geometry results yieldestgdues higher than 0.05 in the Shapixilk test, which
indicates the hypothesis that the results are normally distributed was not rejected.

Figure34 presents the corresponding histogranDBtlifferences between laboratory
pairs, with the corresponding best fit normal distribution. The results show that the maximum

allowable diference between two laboratory results Btis 0.090 for mixtures with the small
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geometry and 0.098 for mixtures with the large geometry using a confidence level of 95 percent;
it is recommended that these limits be incorporated into the reproduqiéitision statement in

the AMPT cyclic fatigue test standards. Collectively, the recommended precision statements for
the repeatability and reproducibility Bf are presented ifiable22.

Table 21. DR reproducibility analysisresultsaggregating NMAS for different geometry.

Number of | Shapiro- Normal Maximum
Geometry Data Wilk Test e Allowable
i Distribution .
Points p-value Difference
Small 126 0.075 N(0, 0.046) 0.090
Large 114 0.38 N(0, 0.056) 0.098

Table 22. Recommended repeatability and reproducibility precision statements (Maximum
Allowable Difference) of DR.

. Repeatability | Reproducibility
Mixture (MAR) (02509)
9.5S 0.088 0.090
9.5L-E 0.065 0.098
12.5S 0.129 0.090
12.5L 0.089 0.098
19S 0.214 0.090
25L 0.124 0.098
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Figure 34. Histograms of DR difference with the fitted normal distribution: (a) f or mixtures
with small geometry and (b) for mixtures with large geometry.
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4.4.2.Proposed Precision Statements

The following provides a summary of the proposed precision statements for the AMPT
cyclic fatigue test standards:

Precisior® Criteria for judging the acceptability of cyclic fgtie test results including
damage characteristic curve @d@obtained by this method are givenTiable23 andTable24.
Thewvnormis calculated by an analytical integration of the sum of squared difference between the
fitted curve for each specimen and the fitted curve across all the specimens oywitied
number of specimens. Thgom precision limits given imMable23 andTable24 are based on the
test results from seven labs.

Single Operator Precision @peatability® The figures in Column 3 and 4 dable23
are the acceptable limits that have been found to be appropriate for the mixtures described in
Column 2. Results obtained in the same laboratory, by the same operator using the same
equipment in the shortest practical period of time, should not be considered suspect unless the
Vnorm OF DR range exceed that given Trable23.

Multilaboratory Precision (Reproducibilitg) The figures in Column 3 and 4 ©&ble24
are the acceptable limits that have been found to be appropriate for the mixtures described in
Column 2. Results obtained by two different operators testing the same material in two different
laboratories should not be considered suspect uthiessom or DR difference exceed that given

in Table24.
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Table 23. Single-operator precision for damagecharacteristic curve and DR results.

Applicable Viorm AcceptableLimit for DF
Standard NMAS (mm) Limit i (MAR)

AAHTO TP 107 9.5 38 0.065

AAHTO TP 107 12.5 88 0.089

AAHTO TP 107 19.0 401 0.124

AAHTO TP 107 25.0 401 0.124

AAHTO TP 133 9.5 22 0.088

AAHTO TP 133 12.5 108 0.129

AAHTO TP 133 19.0 314 0.214

Table 24. Multilaboratory precision for damagecharacteristic curve and DR results.

Applicable NMAS (mm) Viorm AcceptableLimit for DF
Standard Limit (d29

AAHTO TP 107 9.5 82 0.098

AAHTO TP 107 12.5 170 0.098

AAHTO TP 107 19.0 313 0.098

AAHTO TP 107 25.0 313 0.098

AAHTO TP 133 9.5 46 0.090

AAHTO TP 133 12.5 86 0.090

AAHTO TP 133 19.0 580 0.090

Noted The precision limits given ifable23 andTable24 are based on six mixtures with
different NMAS and geometries tested in seladroratories.

4.4.3.Analysis of the Implications of the Precision Statements
4.4.3.1.Data Excluded from the Analysis

Table25andTable26 present the individual laboratory results and laboratory pair results
that dd not meet the proposed precision limits for repeatability and reproducibility, respectively.
These results were excluded from %Damagamdal ysi s
Syppgiven the proposed precision limits. Six labs out of the 42 tesallts (14.3 percent) did not
meet the repeatability limits and 44 out of 126 laboratory pairs (34.9 percent) did not meet the
reproducibility limits. Recall that themerm andDR precision limits were both established based
on 95 percent confidence interval. Because each were established using a 95 percent confidence
level, it is expected that roughly five percent of labs would exceed each of the limits. A test will

not meet repetability limit if either of thevaorm or DR exceed the repeatability precision limits.
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Thereforethe probability for a test to not meet repeatability Igtstapproximately 10 percent

(1-95%>95%), higher than 5 percent. Within thie labs that did not eet the repeatability

limits, two (4.8percen) were excluded due to failure of meetihg DR precisionlimit and four

(9.5%) were excluded due to failure of meetigm limit. The number ofaboratorypairs that

do not meet reproducibility resultsflect a much higher percentage than 10 percent because data

was discarded for consideration in the reproducibility analysis if repeatability (within a lab) or

reproducibility (between lab) criterexceeded.

Table 25. Data failing repeatability limits.

Lab

9.5S

9.5L

12.5S

12.5L

LaboratoryA

LaboratoryB

LaboratoryC

LaboratoryD

LaboratoryE

X

LaboratoryF

LaboratoryG

X

157



Table 26. Dataexcluded from reproducibility analysis.

Laboratory
Pair

9.5S

9.5L

12.5S

19S

A-B

A-C

A-D

A-E

>

A-F

A-G

B-C

X | X

B-D

B-E

X

B-F

B-G

>

C-D

C-E

C-F

C-G

D-E

XXX | X

D-F

D-G

E-F

E-G

X | X | X

F-G

X

4.4.3.2.Uncertainty inFlexPAVETM %Damage predictions
The uncertainty ifoDamage conveyed by the standard deviation calculated using
framework for each

Ghanbari 6s mi xture and spe

repeatability and reproducibility are showriliable27 andTable28, respectivelyf!? Th e f X0 s
correspond to those that were excluded due to not meeting the precisionTiabie29 and

Table30 summarize the maximufDamagestandard deviation of result for each mixtarel
specimen geometry combination of all of the ILS results that met the proposed precision limits.

Table31 andTable32 summarize the medidDamagestandard deviation for each mixture and

specimen geometry combination. These maximum and median standard deviations were used to
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calculate the 95 percenprfidence intervals fo¥oDamage The maximum repeatability
uncertainty oRoDamagancreases with NMAS for a given geometry, which matches
expectations given that the repeatability precision limitsifer andDRboth increase as a
function of NMAS The B-mm small specimen results show that this NMAS and geometry
combination yielded the highest uncertainty in repeatalSitiBamageof all conditions
evaluated. The small specimeni® mixtures results have the second highest repeatability
Vhormlimit of all conditions evaluated, including both small and large specimen geometries, while
the large specimen 2Bm mixture results have the highest; however, thenr®small specimen
results have a higher repeatabild§ limit than the 25mm large specimen ressitthis suggests
that the influence dDR uncertainty had a more pronounced effect on the uncertainty of
%Damagethan the damage characteristic curve uncertainty.

An increase in the maximuPbDamageuncertainty with increasing NMAS was expected
under reproducibility conditions given that the reproducibility limitsvigim increase with
NMAS and the reproducibility limitéor DR are independent of the NMAS. The maximum
uncertainty iroDamageunder eproducibility conditions increases with NMAS for the small
specimen geometry but not for the large specimen geometry; the reason for this trend is
unknown. The 19nm small specimen geometry results encompass the maximum uncertainty in
%Damageunder reprodcibility conditions for all mixtures and geometries evaluated. Because
repeatability assesses variation among three individual test specimens and reproducibility
assesses variation among test results (i.e., results of three test specimens each iy thaylabs
are not directly comparable and thus, trends among repeatability and reprodi$éibDgitgage

uncertainty for a given mix are mixed.
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Comparison between median and maximum confidence intervals in percent damage
predictions provides context to theigal versus extreme uncertainty ranges expected in
practice. For example, even though the 95 percent confidence interval of prétixaethgeat
an averag&oDamageof 15 percent under repeatability conditions for therii® mix using the
small specimen geoetry is from 10.14 percent to 19.86 percent (approximagéypercent
error), the median 95 percent confidence interval is 12.95 percent to 17.05 percent
(corresponding to roughlyl4 percent error). For the 9Bm mix with the small specimen
geometry, he median condition yields a 95 percent confidence intervébidamageof 14.24
percent to 15.76 percent (corresponding to roughlgercent error). Similar trends are observed
for reproducibility. The maximum 95 percent confidence interval of all camditunder
reproducibility conditions coincides with the-t®m mix with the small specimen geometry,
yielding a%Damagespan from 11.44 percent to 18.56 percent (rough8/percent error) but
the median confidence interval for the same condition is notaliker at 12.95 percent to 17.05
percent (roughly14 percent error). The practical implications of these errors merit further
investigation in future work. Efforts to improve the consistency of specimen fabrication
procedures may also enable reductiotheuncertainty of test outcomes, particularly for the

larger NMAS mixtures.
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Table 27. Repeatability standard deviation of Y%cDamagefor all the labs andmixtures.

Lab 9.5S 9.5L 12.5S 12.5L 19S 25L
LaboratoryA 0.37 0.43 0.16 X 1.05 X
LaboratoryB X 0.26 0.53 0.77 2.48 1.26
LaboratoryC 0.40 0.36 0.70 0.25 0.88 0.42
LaboratoryD 0.51 0.53 1.50 0.49 0.57 1.30
LaboratoryE 0.90 X 0.30 0.87 1.73 0.80
LaboratoryF 0.33 0.50 X 0.69 2.21 1.47
LaboratoryG 0.22 X 0.56 0.61 0.27 0.76

Median 0.39 0.43 0.54 0.65 1.05 1.03
Maximum 0.90 0.53 1.50 0.87 2.48 1.47
Table 28. Reproducibility standard deviation of %sDamagefor all the labs andmixtures.

Labgg’i‘rtory 9.55 9.5L 1255 | 125L 195 251

A-B X 0.78 0.34 X 1.10 X

A-C 0.25 0.79 0.44 X 1.14 X

A-D 0.69 0.42 0.54 X 0.11 X

A-E X X 0.75 X 0.70 X

A-F 0.44 0.95 X X 1.05 X

A-G 0.63 X 0.26 X 0.89 X

B-C X X 0.64 0.60 0.99 0.95

B-D X 0.54 0.29 0.96 1.19 0.89

B-E X X 0.98 0.78 1.11 0.51

B-F X 0.29 X 0.60 0.27 0.49

B-G X X 0.62 0.52 X 1.47

C-D 0.47 0.88 0.93 0.36 1.12 0.27

C-E 0.76 X 0.70 0.16 0.44 0.84

C-F 0.19 X X 1.15 X 0.55

C-G 0.41 X X 0.18 1.82 0.72

D-E X X 1.22 0.22 0.69 0.79

D-F 0.51 0.82 X 1.54 1.15 0.50

D-G 0.10 X 0.74 0.55 0.77 1.03

E-F 0.62 X X 1.34 1.04 0.37

E-G 1.02 X 0.84 0.33 1.38 X

F-G 0.41 X X 0.99 X 1.05

Median 0.47 0.79 0.67 0.6 1.05 0.75
Maximum 1.02 0.95 1.22 1.54 1.82 1.47
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Table 29. Maximum repeatability variation for each mixture.

Mixture Stdrotal Avg%Damaget1.964d
9.5S 0.90 154.76
9.5L 0.53 154.05
12.5S 1.50 152.94
12.5L 0.87 1541.70
19S 2.48 15#.86
25L 1.47 15+2.88

Table 30. Maximum reproducibility

variation for each mixture.

Mixture Stdrotal Avg%Damaget1.964d
9.5S 1.02 15+2.00
9.5L 0.95 15+1.85
12.5S 1.22 15+2.39
12.5L 1.54 15+3.03
19S 1.82 15+3.56
25L 1.47 15+2.89

Table 31. Median repeatability variation for each mixture.

Mixture Stdrotal Avg%Damaget1.964d
9.5S 0.39 1540.76
9.5L 0.43 1540.83
12.5S 0.54 154.07
12.5L 0.65 15+1.28
19S 1.05 15#2.05
25L 1.03 152.01

Table 32. Median

reproducibility variation for each mixture.

Mixture Stdrotal Avg%Damaget1.964d
9.5S5 0.47 1540.91
9.5L 0.79 15#.54
12.5S 0.67 154.31
12.5L 0.60 1541.18
19S 1.05 15#2.05
25L 0.75 15+1.48

4.4.3.3.Uncertainty in Apparent Damage Capacity

The uncertainty irsppunderrepeatability and reproducibility limitgonveyed by the

COV% for each mixture and specimen geometry combination, are shavable33 andTable

34,

respectivel y.

| Blbeo rfaX @9 i resr ewgertabtoheat ory

excluded due to not meeting the precision limits. As describEthapter 2, the repeatability
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COV% values were calculated using simulgigg results that fell within a 95 percent
confidence interval. The simulat&hpvalues were generated based on the observed within
laboratory variability in both damage charadgc curve and failure criterion results. The
reproducibility COV% reflects the maxi mum pos
the 95 percent confidence intervals for the simul&sgglvalues in each lallable35
summarizes the maximum and median COV% in terms of repeatability and reproducibility for
each mixture and specimen geometry combination to provide measures of extreme and typical
uncertainty ranges expected in practice.

The maximum and median repeatabilCOV% both increase as the NMAS increases for
a given geometry, which matches expectations since the precision limits increase with respect to
NMAS. The median COV% values are less than 6 percent for thar.and 12.5mm NMAS
mixtures, suggesting thatpical uncertainty irGpp under repeatability conditions is quite low.
The maximum COV% value for 3fam and 12.5mm mixtures all fall below 11 percent,
indicating only marginally more uncertainty. The repeatability COV% values are somewhat
higher for te 19mm and 25mm mixtures with a maximum median value of 11 percent and
maximum value of 17.8 percent. The median reproducibility COV% values increase with respect
to NMAS for a given specimen geometry. The same trend holds for the maximum
reproducibility COV% values for the large specimen geometry but not the small specimen
geometry. The reproducibility COV% values are considerably larger than the corresponding
repeatability COV% values (with a maximum COV% value of 57.5 percent for theni8mall
specinen geometry), which can be attributed to differences in how the repeatability and

reproducibility COV% values were calculated and also increased uncertainty in test results
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between labs compared to within a given lab. The implications of the relativalpigCOV%
values observed under reproducibility conditions merits further investigation in future research.

Table 33. Repeatability COV% of Sqppfor all the labs andmixtures.

Lab 9.5S 9.5L 12.5S 12.5L 19S 25L
LaboratoryA 3.24 3.32 1.50 X 10.90 X
LaboratoryB X 2.75 2.92 7.14 17.77 8.40
LaboratoryC 4.19 3.24 4.34 3.15 6.83 3.22
LaboratoryD 3.87 6.84 10.91 5.26 3.83 12.04
LaboratoryE 9.79 X 1.70 8.78 12.21 4.78
LaboratoryF 2.51 5.33 X 5.76 16.90 14.26
LaboratoryG 1.79 X 5.54 511 241 5.31

Table 34. Reproducibility COV% of Sappfor all the labs andmixtures.
Labgg’i‘rtory 9.5S 9.5L 12.58 12.5L 19S 251

A-B X 23.70 13.21 X 50.34 X

A-C 16.47 29.61 17.97 X 49.58 X

A-D 17.09 20.32 30.35 X 24.20 X

A-E X X 20.22 X 49.39 X

A-F 16.54 33.16 X X 44.97 X

A-G 11.22 X 13.97 X 33.08 X

B-C X X 26.11 27.45 53.07 24.78

B-D X 24.64 26.67 38.73 41.12 45.33

B-E X X 28.31 39.76 52.88 28.70

B-F X 18.67 X 30.48 57.48 48.66

B-G X X 22.17 27.18 X 29.48

C-D 23.23 39.08 42.63 21.44 40.32 31.67

C-E 43.67 X 16.26 22.52 37.30 14.28

C-F 13.74 X X 35.07 X 35.19

C-G 17.43 X X 17.27 48.67 28.21

D-E X X 44.70 25.73 40.13 32.02

D-F 23.30 34.07 X 46.02 35.51 41.20

D-G 11.66 X 38.92 28.88 21.29 48.50

E-F 38.48 X X 47.02 56.57 35.54

E-G 47.09 X 24.06 29.95 48.48 X

F-G 17.50 X X 34.80 X 51.76
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Table 35. Maximum and median COV% of Sappfor each mixture.

Maximum Maximum Median Median
Mixture Repeatability | Reproducibility Repeatability Reproducibility

COV% COV% COV% COV%

9.5S 9.79 47.09 3.55 17.43
9.5L 6.84 39.08 3.32 27.13
12.5S 10.91 44.70 3.63 25.08
12.5L 8.78 47.02 5.51 29.95
19S 17.77 57.48 10.90 46.72
25L 14.26 51.76 6.86 33.61

Comparisons between the uncertainty measuregimmageand Sypp under (a)

repeatability conditions and (b) reproducibility conditions are shovigare35. The

comparisons demonstrate that the measures of uncertafiyamageandSqpp are correlated.

The uncertainty ifoDamageandSypp given the uncertainty in AMPT cyclic fatigue test results

merits consideration when making practical inferences flase parameters.
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Figure 35. Comparison between uncertainty of %Damage and uncertainty ddapp. (a)
repeatability and (b) reproducibility.

4.5. Summary
The following summarizes the primary findings in toleapter.
1 Statistical tests of the consistency of the ILS results acquired from the seven
participating laboratories indicate that the results obtained are highly consistent
according to ASTM E6920.0nl y a single | absé results

tested using the large specimen geometry failed the consistency tests and was
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omitted from the statistical analysis to develop the proposed precision limits for
the AMPT cyclic fatigue test standards.

Statigical analysis of the damage characteristic curve repeatability and
reproducibility conducted using singt®int measures of the damage
characteristic curve to directly align with the guidancASTM E69%20 and
C67015demonstrates that the inferred uramty in test results and trends
among different mixtures and specimen geometries can vary with the chosen
point of reference (e.gSvalue at whiclC is evaluated).

Thewnorm developed to quantify repeatability and reproducibility of damage
characterisgc curves better capture variation in the curve than the spujte
measures. Theomresults demonstrated clear increases in within and between
laboratory variability in damage characteristic curve with increasing NMAS
values for both small and largpecimen geometries. The established
repeatability and reproducibility limits are a function of NMAS and specimen
geometry.

The DR constitutes a single point measure and therefore, is directly amenable to
precision statement development according$dM E691-20 and C674L5. The

DR results demonstrate that within laboratory variation increases with increasing
NMAS for a given specimen geometry. However, the reproducibili~afoes

not depend on the NMAS orrespondingly, repeatability precision limfies DR

were established as a function of NMAS and specimen geometry whereas

reproducibility limits were established as a function of specimen geometry only.
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1 An analysis of the uncertainty in Sapp and FlexPAVETM Version 1.1 predictions
of fatigue damage iasphalt pavements given the variation in test results
permitted under the proposed precision statements suggest that substantial
uncertainty is possible within and among labs. The implications of this
uncertainty merits further investigation. Possible soees in specimen
fabrication procedures to reduce test variability also merit further investigation to
reduce uncertainty in the predictions of fatigue damage using the AMPT cyclic

fatigue test results.
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CHAPTER 5 UNCERTAINTY QUANTIFICATION OF S -VECD MODEL

This chapter establishes the framework for uncertainty quantificatio’V/&fCI model
considering dynamic odulus model, damage evolution model (damage characteristic curve),
and failure criterion model as separate compon@iis.contents of this chapter haween
published on Transportation Research Recbyga(n d was t he result of the
interpretations in consultation with their advisor and other committee members. However, as
acknowledged in the Transportation Research Record, the experimeatasedtfor the
analysis was obtained by others.
5.1.Introduction

Traditional practices with respect to asphalt concrete pavements have relied heavily on
empirical design procedures and experimental methods that either require substantial testing to
characterie performance laws or provide relatively simple indices that are guided by simple
mechanical concepts. Overall, these methods have proven successful as they readily capture the
major behaviors and can distinguish between very bad materials/designs agoogery
materials/designs. However, in the intermediate where differences between alternative design
and material selections are smaller, these approaches are not sensitive enough to make optimal
decisions. Though not often articulated in these terms, migisrtainty in the resolution of these
traditional methods have led to a view that mechanistic design procedures and experimental
methods guided by more sophisticated mechanical theories are needed.

The challenge with these methods though lies in the question of the reliability or
uncertainty of the outcomes from the analytical modeling process. It has been long recognized
that this uncertainty can be an important aspect that affects the decisisruttiatately made

once the design and material selection guidelines and standards are followed. The most direct
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example is the incorporation of reliability into the AASHTO 1986 pavement design @yide

which describes the consistency of the measurement and certainty of various input parameters, to
better characterize the pavement present serviceability index. This concept of reliability has also
been incorporated into the AASHTO Pavement ME Design procedure in the form of empirical
adjustment functions that are applied to the predicted distrgs&thess have followed similar
practices to include reliability into their design approaghe®). With empirical approaches,

traditional statistical analyses become straightforward since they are highly data driven and by
their very nature provide sufficient information to characterize the distribution function of any
residual error between the empdi function and the measured performance.

By comparison, the reliability of mechanistic approaches is much more difficult to
characterize. This is because these approaches are generally associated with less total data (since
more effort is needed to claaterize material inputs). However, even when sufficient data do
exist, the analysis is not straightforward because to be rigorous one must consider separately the
uncertainty of the material model, the structural model, the input parameters, anddiree
performance measures. What little research does exist into these questions has largely focused on
the question of material model uncertainty. Caro presented a methodology that includes the
uncertainty of material properties as part of the mechargspbnse of pavement structu(@s
Slowik characterized the measurement uncertainty for stiffness modulus of asphalt mixture using
indirect tension metho@.0). Rema discussed the uncertainty in interconversion methods from
dynamic modulus test results to creep compliance and relaxation m@hluSudipudi studied
the reliability of fatigue predictions i&VECD model given the variation in input parameters

(12). Kassem used first order approximation and Monte Carlo simulations to characterize the
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uncertainty of the linear viscoelastic (LVE) functions and damage characteristic curves of the
ViscoElastoPlastic (VEP) behavior of asphalt mixsy(te).

While the latter two studidsave taken talirectly assessing the uncertainty in parametric
estimation in the continuum damage models, their technigpessent basic approaches that are
known to have limitation§l4). In these approaches, the parameters were subjeciisslyned
to be independent with each other and assumed to follow a certain distribution of the observed
data without further robust analysis. Thilese approaches have only used the forward
uncertainty propagation method to quantify the uncertaintiegsiers outputs propagated from
uncertain inputs while the uncertain inputs are selected somewhat arbitrarily. The inverse
uncertainty quantification, which estimates the discrepancy between the experiment and the
mathematical model and estimates the vatiiesmknown parameters is the method selected in
this study to rigorously find the parameter distribution and correlation if any in the models. Then
the parameter distribution and correlation will be used in forward uncertainty propagation to
construct theutput uncertainty of the model.

In thischapteythe SVECD model is adopted to demonstrate how uncertainty
guantification analysis using Bayesian inferebased MCMC method can be used to evaluate
and characterize asphalt concrete models. THESD mehod involves linear viscoelasticity
(described as a master curve of dynamic modulus at different temperature and frequency
averaging from three specimen tests), fatigue resistance (described as a damage characteristic
curve from cyclic loading axial fatige tests at different strain magnitudes averaging from three
specimen tests) and a failure criterion. Thus, as a model it contains multiple sources of
uncertainty and in this paper the impact of each source is studied by examining the fatigue

prediction uilizing the parameters generated in each of the three sourcegEex€B model.
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Quantifying the uncertainties in a simplified fatigue prediction model suchv&C® of
asphalt mixture can help better understand the model ruggedness and benefit bedatbbaes
and practitioners. The results can show the fatigue prediction variation of different sample size
and also be provided as an input of asphalt pavement probabilistic design framework.
5.2.0Objectives
The first objective of this study is to use inverscertainty quantification technique to
characterize the uncertainty in the parameters in dynamic modulus model, damage characteristic
model and failure criterion model. Then these parametric uncertainties are propagated into
fatigue prediction model. Ehsecond objective is to characterize the influence of experimental
repetitions and the parametric uncertainties and establish an analytical method to estimate the
ideal number of replicate tests needed for this method.
5.3. Uncertainty quantification (UQ) analysis approach
The SVECD fatigue life prediction model involves parameters from three sources:
dynamic modulus mastercurve; damage characteristic curve; and failure criterion. The flow chart
in Figure36 demonstrates the characterization process and the sources of uncertainty and their
propagation in the-SECD model. With respect to error propagation the pathways are;
1 The parameter uncertainties frone tthynamic modulus model can propagate into
parameter uncertainties in the damage characteristic curve.
1 The parameter uncertainties from dynamic modulus model and damage
characteristic curve can propagate into parameter uncertainties in the failure

criterion model.
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1 The parameter uncertainties from dynamic modulus model, damage characteristic

curve, and failure criterion can propagate into the fatigue index prediction model

and intoSypp.
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Figure 36. Uncertainty propagation in SVECD model.

In this paper the effect of these propagating errors are examined with respect to four
guestions; 1) How does error propagate into tHéEED model parameters and what are the
resultant credible and prediction intervals for the parameters?, 2)iS\tha effect of these
intervals on the predictions of mixture failure cycles?, 3) What is the effect of these intervals on
the Sypp uncertainty?, and 4) What is the effect of using multiple tests on the overall model

uncertainty and is there an ideal number of samples for characterizing this model?
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5.3.1.Study Materials and Laboratory Test

To answer these questiond/&CD data from a 9.50m NMAS Superpave designed
asphalt concrete mixture was used. The mixture contained 5.6% of-P&Ba&phalt by mass
and the gradation followed the Superpave requirements. Test samples were cut and cored to 38
mm x110 mm (diameter xheight) cylinder. brder to characterize the fatigue properties of an
asphalt mixture using the\3ECD model, two laboratory tests should be performed. The first
test is the dynamic modulus test measuring the material viscoelastic properties. For this study
this test has beeconducted using the Asphalt Mixture Performance Tester (AMPT) and in
accordance with the AASHTO TP 133 protocol. During the test, haversine compressional loads
are applied on the specimens at different loading frequencies and multiple test tempématures.
AASHTO TP 133, three replicates are required for each asphalt mixture by each operator.

Following the dynamic modulus test, the cyclic fatigue tests should be carried out to
characterize the fatigue properties of the mixture. The cyclic fatigue testbban performed in
the AMPT as well and follow AASHTO TP 134. In the test, a cyclic tensile load controlled
within 507 75 microstrain at 10 Hz is first applied on the specimen. This block of loading is
called o6fingerprint 0OHzanhddhe test teraperdtyrenvdllhé ¢ modul u
calculated and then used to calculate the DMR to remove the effects of $ausqheple
variability. Afterwards, cyclic tensile loads with higher strains are applied, and the recorded on
specimen strain and stress via# used to calibrate the\&ECD model coefficients. The
magnitude of the initial ospecimen strain usually varies from 250 microstrain to 450
microstrain according to the AASHTO standards. In AASHTO TP 134, three fatigue tests are

required on each asphatixture per operator.
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In this study, two sets of data are used for different purpose. The first set of data which
consists dynamic modulus test results from 15 specimens and cyclic fatigue test results from 17
specimens as well were used to show thelldeithparameter estimation, uncertainty propagation
in the SVECD model. Note that UQ does not require that as many as 32 test results are used. In
fact, the second set of data which consists of three mixtures uses data from three replicates of
dynamic malulus test and four replicates of cyclic fatigue test.
5.3.2.UQ for Error Propagation, Fatigue Life Prediction, agg S

The aforementioned DRAM algorithm is used in MCMC simulations of parameters in
different models. The simulation of 5000 cases with the MCMC technique is selected as an
optimum among 1000 to 10000 considering the computation time and convergence in the
following analysis steps.

A single set of steps were followed to answer the first three questions in this paper. This
process involves several steps, which are summarily presented below;

Step 1: Use MCMC technique to generate 5000 simulatiobls of, U 0 and Gonstruct
their posterior densities from dynamic modulus test results of 15 specimens for a given mixture.

Step 2: Use MCMC technique to generate 5000 simulatio@s:@ndCi2 and construct
their posterior densities from damage characteristicesuov 17 specimens for a given mixture.

Step 3: Use MCMC technique to generate 5000 simulatioB§ ahd construct its
posterior density from cyclic fatigue tests of 17 specimens.

Step 4: The posterior densitiestaf U, 9, U, ando are propagated to nstruct the

distributions ofJ DMR, and E*|Lve.
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Step 5: The posterior densitiestaf U, 9, U, andofrom 15 specimens are propagated to
construct the dispersion of damage characteristic curve and failure crd&rafran individual
fatigue test result.

Step 6: The posterior densitiestégf Uy, 8, U, 9, C11, C12, andDR from a total of 32
specimens are propagated to construct the distributions of fatigueSgpdard fatigue
predictionN.
5.3.3.Variance Decrease witheRlicates

One of the extensions of MCMC technique is that it can be used to simulate individual
experimental tests using the prediction interval of the model responses. According to Central
Limit Theorem(15), the average dfl samples from the same population will converge into a
normal distribution with a population mean and a varidttienes smaller than the population
variance. Therefore, multiple measurememnésusually taken to reduce the variance and increase
the precision of sample mean estimates. In this study, the MCMC technique output is taken for
further statistical analysis to showcase the use of average of individual test results reduces the
variance.The detailed procedure used to characterize the variance decrease due to average
replicates is described below. This procedure is utilized in dynamic modulus model, damage
characterization model, am@f characterization.

Step 1: Use MCMC technique to ctmet prediction interval of the model which

includes the model error and measurement error. This prediction interval is
considered as the test population.

Step 2: Assume a normal distribution of model response in the prediction interval at

selected valuesf model input and simulate 5000 data points of the model
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responses at each model input. This step gives 5000 curves in the prediction
interval and each curve represents one single test from one specimen.

Step 3: Construct the parameters that fit for eagckie simulated in step 2.

Step 4: Generate 1000 simulated experiments, each experiment will randomly select one
curve as one single test, and the distribution of the parameters and the variance
will be generated accordingly. (The number 1000 is selesteth optimum
considering the computation time and convergence)

Step 5: Generate 1000 simulated experiments, each experiment will randomly select two
curves in the curve population as two single tests, and the average of these tests
will be recorded as thresult of this experiment. The distribution of the
parameters and the variance will also be generated accordingly.

Step 6: Same as step 5 but select three curves to ten curves and generate the distribution
of parameters as the average of these tests.

Step 7: Construct the 95% prediction intervalNifand Sipp from parameters generated at

different sample size.

5.4. Applications of UQ in SVECD Model

5.4.1.Parameter Estimation

5.4.2.Parameter Correlation in Each Model

Inaccurate assumption of the parametess.,they are independent, will affect the

uncertainty of fatigue prediction and t8g, value propagated accordingly. Here, parameters in

the dynamic modulus model and damage characteristic model are considepzhdent to

each other but the correlations of parameters in each model are constructed, as Eigwe in

37. Unlike the assumption of conventionaV&ECD model, the parameters in dynamic modulus
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model and damage characterization model demonstrate strong parameter correlations (see for
example the correlation betweananda> and k< andq). The posterior densities for the
parameters exhibit a normakttibution and the corresponding 95% credible intervals are shown

in Table36.
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Table 36. The 95% credible interval and 95% prediction interval of parameter estimation

Parameter 95% credible mterval
Lower limit Mean Upper limit
U 8.157x10* 9.485410* 10.783%10*
Vi -0.1784 -0.1707 -0.1629
E) 4.3980 4.4968 4.5886
a -0.8877 -0.8386 -0.7903
2 -0.5562 -0.5367 -0.5193
Cu 3.30840°3 3.500410°3 3.694410°3
Ci2 0.4333 0.4379 0.4426
DR 0.5415 0.5501 0.5596
95% prediction interval
E) 4.3932 4.4826 4.5669
u -0.9365 -0.8443 -0.7540
2 -0.5676 -0.5281 -0.4952
Cu 2.67X10° 3.54x10°3 4.75%10°3
Ci2 0.4158 0.4369 0.4569
DR 0.5127 0.5579 0.6007

These strong correlatiom&tween different parameters limits the usage of other
uncertainty propagation techniques, like fiat seconebrder expansions in perturbation
methods and spectral representati@® ¢onsidering they both assume the parameters to be
independently distbuted. In fact, for problems with correlated parameters or sufficiently large
parameter dimensions, the sampling method, including MCMC technique, is the best choice for
uncertainty propagation analysis.

The model response that accounts for the parametertainties and measurement errors
are shown irFigure38. The 95% credible interval represents the 95% probability limits for
parameter uncertainties and the 95% prediction interval represents the 95% probability limits for
new observations (newseng results) where measurement errors are included. It can be seen
from Table36 that the 95% credible interval for all parameters are quite narroaningethe
contribution of the model error to the overall uncertainty propagation of parameters is minimal.

Further, the variability of model inputs in terms of measurement errors is characterized in 95%
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prediction intervals as shown Trable36. Again, the upper and lower limits of 95% prediction
intervals provide an estimate of uncertainty in model parameters due to measurement errors. In
Figure38(c), it appears that one testing result is not included in the 95% prediction intervals

which can be interpreted as an outlier compared to the other 1) testuits.
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Figure 38. Predictive envelopes of the model from MCMC technigue(a) Log-log scale plot

for dynamic modulus test results (b) Semtlog scale plot for dynamic modulus test results
(c) Damage characteristic curveand (d) DR results.

5.4.3.Parameter Correlation between Models

As shown in the S/ECD background, the parameters posterior densities generated from
the dynamic modulus model will be propagated into damage characteristic curve and failure
criterion for one fatigue test specimen. The parameter uncertainty from theidynadulus

model, represented as prediction interval of three specimens average, were propagated into one
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fatigue test result to be compared with specimerto-specimervariability in cyclic fatigue test.

The results are presentedrigure39 andTable37.
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Figure 39. The uncertainty propagation from dynamic modulus parameters to damage
characteristic curve.

Table 37. 95% Prediction interval of parameters propagated from dynamic modulus
parameter uncertainty.

Parameter Lower limit Mean Upper limit
DMR 0.8884 0.9249 0.9643
|E*|Lve (MPa) 8296.5 8649.3 9004.5
U 3.5069 3.5927 3.6694

Cu 4.149x10° 4.263x10° 4.380x10°
Cr2 0.4188 0.4206 0.4223
DR 0.5076 0.5076 0.5076

Figure39 shows the uncertainty propagation from dynamic modulus model to damage
characteristic curve and failure criteribf is smaller than the difference in different specimens
and hence is considered negligible. Therefore, only the parameter uncertainty from different
samples are utilized in the uncertainty quantification of fatigue prediction. Thus, parameters in
differentmodels are assumed to be independent to each other for the following uncertainty

propagation analysis.
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5.5.UQ Propagation to Sappand Nt

As mentioned earlier, the uncertaintiesSgf, andNr are from dynamic modulus model,
damage characterization model, &atigue criterion model. For the target temperature as 10C,
frequency as 10 Hz, and strain level as 200 micro strain, the final 95% credible int&ygl of
andNtare presented ihable38.

Table 38. 95% Credible interval of Sappand Nr.

Quantity Lower limit Mean Up limit
Sapp 22.2 22.7 23.1
Nt 2.90x10°3 3.421073 3.93x1073

The MCMC method inherently accounts for the sample size effect in parameter
estimation. Basically, the more data points, the more probable that the parameter will be
estimated in a narrower range. The pararmgg@endent model response is assumed to be the
true value of the question of interest, and the residuals are considered to be a combination of
model error and measurement error. In short, the estimated fatigue preNi@morelope is its
true value distribution from the existing testing results oftiple samples.

5.6. Effect of Multiple Test Sampling

In the SVECD testing, the standard number of test replicates is three for either dynamic
modulus test or cyclic fatigue test. The repeatability of cyclic fatigue test is received more
attention due to iteelatively high variation between replicates. The question becomes how many
replicates of cyclic fatigue test is acceptable in reducing the uncertainty of fatigue prediction. To
solve this problem, the decrease in parameter variance from using muldgi@eps to
characterize linear viscoelasticity, damage characteristic curve and failure criterion at different
sample size was calculated and showhahle39. The 95% prediction interval of fatigue

predictionNr and theSypp value of different sample size of cyclic fatigue test and fixed replicates
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T three of dynamic modulus test was constructeéigure40. Note that the bar value Figure
40represents the 8(ercentile where 50% of calculated value is below this number, instead of
the mean of upper and lower limit. Fatigue prediclibhas a skewed distribution towards the
lower limit of the prediction interval. But with the increasesample size, the distribution tends

to turn symmetric.

Table40 presents the decrease in the size of the 95% prediction interval when adding one
more secimen for different sample sizes. If the sample size changes from one to two, then the
95% prediction interval will decrease by 29.8% $a#p and 34.4% folN:. Technically, the
convergence happens at a sample size of 1&4dpand 9 forN:. However, a tradeoff between
the accuracy and the investment of time on testing should be considered when deciding the
sample size. From the authors perspective, four replicates of cyclic fatigue test are recommended
to balance the uncertainty and efficignc

Table 39. The variance of parameters at different sample size

Siggle ) ® o) Cu Ci2 DR
1 2.60x10° 3.02x10* 2.35x10* 3.20x107 1.39x10* 7.17x10*
2 1.00x10° 1.13x10* 0.82x10* 1.56x107 0.68x1.0* 3.67x10*
3 0.56x10°3 0.68x10* 0.47x10* 1.14X107 0.48x10* 2.23x10*
4 0.46x10°3 0.53x10* 0.38x10* 0.87x107 0.36x1.0* 1.91x10*
5 0.40x10°3 0.47x10* 0.33x10* 0.64x107 0.27x1.0* 1.54x10*
6 0.35x10° 0.40x10* 0.29x10* 0.56x10" 0.24x10* 1.20x10*
7 0.25x10°3 0.29x10* 0.21x10* 0.46X107 0.19x1.0* 1.04x10*
8 0.21x10°3 0.25x10* 0.18x10* 0.40%1.07 0.17x1.0* 0.95x10*
9 0.20x10° 0.24x10* 0.17x10* 0.37x107 0.16X10* 0.79x10*
10 0.22x10°3 0.28x10* 0.19x10* 0.35%107 0.15x1.0* 0.72x1.0*
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Figure 40. Variance decrease with the increase of sample size in &ppand (b) Ns.

Table 40. The decrease of the size of 95% prediction interval when adding a new sample

Sample Size Sapp (%) Nt (%)
1 29.8 34.4
2 194 21.7
3 12.1 10.3
4 11.8 13.9
5 7.6 10.4
6 7.9 7.7
7 6.4 1.5
8 8.1 -0.4
9 -1.4 -0.4

5.7.Example of UQ Analysisimplementation for Mixture Evaluation

To demonstrate how the UQ method can be useful for interpreting model outcomes, it has
been used to evaluate and compare mixtures of different constitution. The paranftgrs of
calculation are grouped into lineayrcamic modulus model, damage characterization model, and
failure criterion model. These three sets of parameters are assumed as independent with each
other, but the parameters inside of each group have certain correlations.

UQ analysis has been implemented to evaluate and compare the fatigue resistance of
asphalt mixtures with incorporation of the index param&gg, An example with three asphalt
mixtures are presented in this paper. The mixtures were previously ubedsindy associated

with the Federal Highway Administration (FHWA) Accelerated Loading Facility (ALLB).
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Two of the mixtures were composed of modified bindel e third mixture, without modified
binder, served as the control mix. Except for the Control mixture, the other mixtures were mixed
with binders that were modified with crumb rubber terminal blend (CRTB), and styrene
butadienestyrene (SBS), respectiyelDynamic modulus tests subjected to AASHTO T 378 and
cyclic fatigue tests subjected to AASHTO TP 107 were performed to characterize the fatigue
properties of the mixtures. Tl&pp values of the three mixtures were calculated, and the credible
intervalsof Syppwere computed using the MCMC method.

The Sypp values of the mixtures are presentefigure4l (a), and the error bars indicate
the 95% credild intervals. It can be observed that g values of the two mixtures with
polymer modified binders are significantly greater than that of the control mix. The lower
boundaries o0&pp values of the two modified mixtures are higher than the upper boundaries of
the unmodified mix with consideratiai the 95% credible interval. Thus, the mixtures with
CRTB and SBS modified binders can be concluded to have better fatigue resistance with the
respect to the-SYECD model and th&yp index.

The size of the 95% prediction intervals are calculated whitsmeht numbers of
replicates are tested in cyclic fatigue tests. The size is calculated as the difference between the
upper boundary and the lower boundary of the prediction interval. The changes of prediction
intervals for different mixtures are presesinFigure41 (b). It can be observed that the Control
mixture has the least variation. Besides, the size of the prediction intervals decreases as the
number of test samples increases. The size eventually converges to a constant for an asphalt
mixture. The question becomes whether it can be concluded that the SBS mixture has a better

fatigue performance than CRTB mixture with the quantified uncertainty.
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The hypothesis test is usually used to test whether there is a significant difference
between two samples. In this case, the null hypothesis is thajpivalues of Control and
CRTB are the same, the alternative hypothesis is th&ghealue of Cotrol and CRTB are not
the same (same as comparison between CRTB and SBS). The null hypothesis will be rejected or
not rejected based on the tested results. The Type Il&ri®the probability when the null
hypothesis is true, but it is rejected. The@&}l errorbst is the probability when the alternative
hypothesis is true, but the null hypothesis is not rejected.

With the test results and a sample size of four in this scenarip vtilae between
Control and CRTB is 0.0004, between CRTB and SBS0t248. This means if the null
hypothesis is true, the probability of observing test data at least as extreme as the current test
results are 0.04% and 24.8% for each case. In the meantime, if the alternative is true and the
Type | errorltis set as 5%then the probability of detecting the differencefi) using
hypothesis test between Control and CRTB is 99.9%, between CRTB and SBS is 42.1%. Readers
can refer tq17) for more information.

The required sample size to detect the difference of different mixtures to reach a typical
ULt of 5% andbst of 20%can be calculated by Equati@B1) and(5.2) (18). In this case, a sample
size two is sufficient for comparing Control and CRTB as their difference is major while a

sample size of 11 is required to detect the smaller difference between CRTB and SBS.

) 238

n= (5.1
(m- ny
(G2 b)=(F( 2 + € D 52
where
€1, > = mean value for the two treatments,
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= standard deviation,

Co

Ust = significance level in statistics (the probalyildf making a Type | error),
Bst = b level in statistics (the probability of making a Type Il errand
al = the cumulative distribution function of a standardized normal deviate.
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Figure 41. Sapp values and their variation ranges of different mixtures: (a) theSqpp values
and 95% credible interval (shown in error bars) as four samples are tested in cyclic fatigue
testsand (b) the size of the 95% prediction intervals of different mixtures when dferent
number of samples are tested.

5.8. Summary

The mechanical models have been developed to better characterize the asphalt material
fatigue behavior under smaller resolution. However, due to the complexity of these mechanical
models and the multiple tesisidts involved, the uncertainty analysis is not straightforward.
Thus, a more advanced statistical analysis method is utilized in this study to explore the
possibility of more precisely quantifying the uncertainty in these mechanical modelstuidys
first applies MCMC technique in the uncertainty quantification of fatigue predictiotVEBECD
model from a total of 32 specimens of a standard asphalt mixture. The prediction envelope
results from MCMC method is used to quantify the variance reduction fremndrease of
sample size. In the end, this method is implemented in the mixture evaluation of test data from

standard sample size. The following conclusions can be drawn.
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In the dynamic modulus model, MCMC results show different level of correlation
between parametetd;, U, o, U, ando. In damage characterization model, MCMC
results show strong correlation between paramé&arandCi». This indicates
MCMC method, which belongs to a broader category of Bayesian inference, is a
robust method in uncertay quantification analysis of-8ECD model because it
incorporates the parameter correlation which is usually assumed as independence
in uncertainty analysis.

The uncertainty of damage characteristic curve for a single specimen that is
propagated from thencertainty of parameter estimation from dynamic modulus
model is not as big as from two different specimens. Thus, the parameters
between dynamic modulus model, damage characterization model and failure
criterion model can be assumed independent.

The unertainty ofNt and theSypp value is successfully constructed using the
parameter posterior densities from the MCMC technique.

The variance oNr and theSypp valuefrom predictive envelope decreases with the
increase of sample sizes of cyclic fatigue test. The recommended number of
replicates of cyclic fatigue test is four considering the balance between the

uncertainty and testing efficiency.

The fatigueresistance of three asphalt mixtures with the uncertainty propagated from the
test results was compared using the MCMC technique. The model predictions incorporated with
uncertainty present the importance of replicates in capturing the true materiatyprdfesn
two mixtures demonstrate close material property, more replicates are needed to be more

confident of detecting a specific difference between the two mixtures.
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CHAPTER 6 SENSITIVITY ANALYSIS OF S -VECD MODEL

This chapter identifies the ilniential parameters in-BECD model through sensitivity
analysis based on the results fromuheetainty quantification. It has been published on
Advances in Materials and Pavement Performance Predictap I
6.1. Introduction

The fatigue cracking of asphalt pavement has long been problematic. This distress affects
the driving experience and ultimately increases the arddrequency of pavement maintenance
and rehabilitation. Researchers have been studying to solve this problem by developing models
that use fundamental material properties or by developing a simplified test, or both. The S
VECD fatigue model is one ap@ch and has been shown to be able to predict fatigue life of
asphalt mixture under a wide range of loading and environmental conditions. It characterizes the
changes in the constitutive relationship as inherent fatigue damage in the material and constructs
the damage evolution coupled with linear viscoelasticity theory and a failure criterion.

However, the sophistication of the\&ECD model requires a more comprehensive
mathematical approach to analyzing the sensitivity than what is necessary for otleer, mor
traditional methods. For example, one common way of doing sensitivity analysis for a certain
input variable is to simply change the input variable and construct the variance of the resultant
output while the other input variables maintain the same.matbhod, solely moddbased
sensitivity analysis, is intuitive and easy to achieve, but not very robust because it does not
consider the correlation and interaction between input parameters explicitly. In other words, the
sensitivity can be overestimatedwrderestimated if the parameter correlation exists.

This paper conducts and compares mdideled and experimental ddtased sensitivity

analysis assuming parameters are; (1) independent and perturbed about a nominal value (local
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sensitivity), (2) independent and uniformly distributed in the variation régigkbal sensitivity),
and (3) correlated and interacted (sensitivity indices from experimental data). Then the optimum
sensitivity analysis method is selected, and its interpretation is clarified.
6.2.Background

The objective of sensitivity analysis is to gtify the relative contributions from
individual inputs and parameters to the variation of measured responses. The reasons for
sensitivity analysis include: (1) identify whether the model is robust or overly fragile to different
parameters; (2) fix inserisie parameters, if any, to simplify the model; (3) determine the
parameter ranges that optimally affect the model responses or uncertainties; and (4) instruct
experimental design where the most model response sensitivity can be réfected
6.2.1.Local Senstivity Analysis

Local sensitivity analysis is often achieved by the partial derivative of the response with
respect to the iynddlifecusdswmtheelaive changef theresponse O
when parameters or inputs are perturbtesl @ominalvalue. Local sensitivity is often the first
step to check if there are any insensitive parameters that can be fixed. This paper uses finite
difference approximations technigue to construct the local sensitivity analysis foMBES

model, as Equatio6.1),

t, ,q) - ,
W g0 YA*th . A) -Xta a)

o L (6.1)
where

y(t,q) = model response

qi =i parameter

O-i = all the parametsexceptq;,

t = independent variableand
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i = small increment ofj.

6.2.2.Global Sensitivity Analysis

The local sensitivity analysis does not account for the effect of parameter variation since

it only captures the output sensitivity adjacent to the nominal value of the parameter. The global

sensitivity analysis considers the combioas of parameters throughout the admissible

parameter space.

Morris screening method is used in this paper to conduct global sensitivity analysis by

averaging over local derivative approximations. The screening methadsnk parameters
according to thie importance buare not sufficient tguantify how much more important one
parameter is than another.

In Morris screening method, the sensitivity measures;fare the sampling mean and

variance fronr sample points,

r

L VAR oY)
m=tald @d =

] h i
a (6.2)
S A 1%
S __a(di (CI) - (7)’27 im= ad (0)
r-175 Mz
where
ol = the elementary effect associated withithparaneter and'" sample.

6.2.3.SensitivityAnalysis using=xperimentaData

The typical local and global sensitivity analysis are focused solely on properties of the

model. This section introduséhe variancébased sensitivity indices, originated from Sobol

decompaition, to analyze the sensitivity using simulated parameter values, as shown in

Equationg6.3) and(6.4). In this study, experimental data are used to simulate parameter values
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and the sensitivity indices are computed subsequently. The simulation pratsEIN4C

method is discussed in Sectibrs.

5= Var\[/ig(\:(l)q )] (6.3)
where
S = the firstorder sensitivity indices
Sri = the total sensitivity indices
E(Y|g) = the conditional expected value for model respofisand

var[E(Y|q)] = the variance foE(Y|q).

6.3. Materials and M ethod

6.3.1.Materials and_aboratoryTest

The asphalt mixtures used in this research contain 5.6% of 2@ &dphalt by mass and
a gradation with a 9.5 miMAS followed by the Superpave requirements. These mixtures were
cut and cored t88 mmx 110 mm (diametex height) cylinder for further tesng. In order to
characterize the fatigue properties of asphalt mixture usiMB@&D model, two laboratory tests
should be performed dynamic modulus test in accordance with AASHTO TP 133 protocol and
cyclic fatigue test in accordance with AASHTO TP 138dtpcol. This study used dynamic
modulus test results data from 14 specimens of 5 operators and cyclic fatigue test results data

from 17 specimens of 5 operators.
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6.3.2.Method

First, the optimum parameter used\iprediction, i.elJ, |E’[, C11, C12, andDg, are
constructedia fitting the dynamic modulus and cyclic fatigue test data into linear viscoelasticity
model, damage characteristic curve and failure criterion

Second, the MCMC technique is used to simulate parameter distribution iWHBES
modelfrom the experimental data. The MCMC method gives the credible interval of the
parameters and the prediction interval of the model response. In this study, the prediction interval
of the model response is used to simulate the prediction interval of draqiars in the model.
More details of the MCMC method application in constructing the parametric distributions of the

S-VECD model functions can be found in [Ding et al. 2020]. The input temperaturgGsat@

the input frequency is 10 Hz in all teensiivity analysis.

1. The local sensitivity analysis is conducted using the optimum parameters as the
nominal value.

2. The global sensitivity analysis is conducted assuming the parameters are
independent and uniformly distributed in the ranges of within 10% @ro
random but typical assumption when no other information is present) of the
optimum parameters, representedvisris measuresi.:” andii-1.

3. The global sensitivity analysis is conducted again assuming the parameters are
independent and uniformly digtuted in the ranges of the 95% prediction interval
from MCMC results, represented ®rris measuresi2” andUi-2.

4. The sensitivity indices are calculated using all the parameter values generated

from the MCMC results which incorporates the parameter correlation.
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6.4.Results andDiscussion
6.4.1.Local Sensitivity AnalysisResults

The | ocal s eny patdiffeient ipputrsteaim maghitade aré shawn in
Figure42. Note that excefDr, the sensitivity results fdd, |E’|, C11, andCi2 are all negative, i.e.
theincrease of the parameter results in the decrease in the prédiicié@ absolute values are

presented for comparison.

*—a [E*| Ci —o=Cpp D

Sensitivity

= s s L L J
150 200 250 300 350 400
€ (pe)

Figure 42. Local sensitivity analysis of different parameters irlNs prediction model.

The results demonstrate that all the parameters in the fatigue prediction model are
sensitive. The sensitivity decreases with the increase of input strain magnitude. In atheition,
sensitivity contribution ranking i€11> C12> Dr>  YE'|.
6.4.2.Global Sensitivity AnalysisResults

The global sensitivity analysis results are showhahle41. All the parameters are
influential and cannot be fixed. Using the parameter range from assuming 10% error and from
MCMC results both give the Morris sensitivity ranking@f > C12> Dr> XJE’| and are in

accordance with the local sensitivity results
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Table 41. Global sensitivity analysis of different parameters irNt prediction model.

Si-l*

lji-l

8i-2*

lji-2

U

4.82x10°

3.90%10°

8.34x10°

2.55X10°

E|

2.52X10°

1.64X10

6.32X107

2.78X10°

Cu

1.53x103

1.01x10"

3.25X10°

1.50x1.0°

Cr2

3.85x10'

2.49X10'?

1.25X10°

5.60X10°

Dr

7.17X101°

4.54x10'

1.37X1.0

6.02x10

6.4.3.ParameteCorrelation

One common weakness with local and global sensitivity analysis lies in their assumption
of independency in parameters, because they solely focus on the properties of the model. In the
S VECD method, théearsortorrelation matrixa measure of linear colagion between
variablesjs listed inTable42. The matrix was constructed using the simulated data from
MCMC results representing the prediction interval [Ding et al. 20l®. high correlation
betweenCi1 andCi2 (-0.9923) can possibly lead to different sensitivity results compared to local
and globasensitivity analysis.

Table 42. Correlation matrix for parameters in N prediction model.

U 1= Cu Cr2 Dr
U 1 -0.3982| -0.0224| 0.0228 | -0.0451
|E’| | -0.3928| 1 0.0738 | -0.0749| 0.0415
Ci11 | -0.0224]| 0.0738 | 1 -0.9923| -0.0151
Ci2 | 0.0228 | -0.0749| -0.9923| 1 0.0144
Dr |-0.0451| 0.0415 | -0.0151| 0.0144 | 1

6.4.4.Sensitivitylndices fromExperimentaData

Due to the nomegligible correlation betweed®y: andCiz, they are grouped as damage
characteristic curve parameter. Tdiaracterized sensitivity indices after grouping are shown in
Table43. The parameters have a different sensitivity ranking from previous local and global

sensitivityanalysis, that i®r > C11,Ci2> [E'| Ua

201



Table 43. The sensitivity indices considering correlation between parameters.

U IE| C11,Cr2 Dr

S 0.0119| 0.0191 | 0.1740 | 0.7728
Si -0.0043| 0.0031 | 0.2104 | 0.8082
Figure43 presents a way to interpret the sensitivity indice&idgure43 (d), the average

value ofNf along a fixedDr is changing substantially with the changéefvalue. This average
value is the conditional expectati&NsDr) in Equation(6.3). The variance vaE(Ns|Dr))
quantifies the variability of these average values. The fact th&(}giDr)) >
var(E(Ni|C11,C12))>var(ENIE’]) ) vardEN; |U)) results in the firsbrder sensitivity indices
ranking. This indicates that the failure criteridp has a higher influence on the variatiorNgf
prediction and has room to be improved to reduce the uncertaity HC® model compared

with U |E|, C11, andCa.

x10*

12

10+ (a) %0 o

Nf prediction
Nf prediction

Nf prediction
Nf prediction

.45 0. 55 0.6 0.65
><1O

Figure 43. Scatter plots ofNs versus @ U, (b) [E*|, (d) Cuy, and (d) DR constructed using the
parameter values simulated from MCMC.

6.5. Summary

This studyperforms the moddbased local and global sensitivity analysis and the
experimental datbased sensitivity analysis if\@&ECD model.

The local and global sensitivity analysesults show that all the parameters are sensitive

and influential. They both give the parameters sensitivity rankinG:as:Ci2> Dr>  XJE’|.
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However, the sensitivity indices computed from simulated parameter values using MCMC
results from a totalfdB1 testing data show the sensitivity rankings: Ci1, C12> [E'| U

In conclusion, sensitivity analysis without considering the parameter correlatien in S
VECD model will overestimate the model fragility with respect to a certain parameter and lead
to incorrect results. MCMC technique presents a way in simulating pararaktes
incorporated with their correlation. Additionally, compared WiHE"|, C11, andCiz, failure
criterionDr has potential to be improved to possibly reduce the uncertaibypoédiction in

the SVECD model.
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CHAPTER 7 IMPROVING THE S-VECD MODEL

This chapter discusses two ways to improw¢ESCD mocel. One is to change the
definition of alpha and the other is to adjust the specific manner by which the model coefficients
are determined, referred to as data fitting algorithm in the following sections. These two
modifications are proposed based on thetations of model assumption in theV&ECD model
development history. Anorerobust evaluation of these improved alternativéESCD models
including the uncertainty quantification analysis are discusstxiollowing chapter.
7.1.Background
7.1.1.Alpha Value inS-VECD Model

The sensitivity analysis in Secti@¥ shown thatC11 andCi2 are highly correlated and
both highly influential in the prediction of number of cyste failure. AlthougiDR is observed
to be the most influential, the selection of failure criterion requires more mechanical study of the
material. TheCi11 andCio coefficients are directly related with the alpha valuveich itself
depends on the linear viscoelastic resditais, alpha introduces uncertainty from dynamic
modulus results t€-Scurve calibration; this uncertainty is then propagated into the final
prediction of SVECD model. The impact of alpha in the model was studied to evaluate the
feasibility of constructing alternative models by changing alpha definition.

It is important to understand the impact of alpha-MESCD model. This impact can be
viewed with respect to three different aspects: (1) calibration; (2) verification; and (3)dong
prediction. If the change of alpha does not affect calibration, verification anddong
prediction at all, then alpha is not sensitive; if the change oaaffacts verification, alpha

should not be changed to construct alternative models; if the change of alpha does not affect
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verification, but affects calibration and lotgym prediction, alpha can be redefined to construct
alternative models. A thorougkrssitivity assessment of alpha effects is described in Setfion
7.1.2.Data Fitting Algorithm in SYECD Model

As discussed in the literature review, the current glgorimplemented in AASHTO TP
133 and TP 1071-2), which was encoded ithe FlexMATM software, constructs andS
values using Equatiofr.1) and(7.2). The intermediatstatevariable,S was calculated using

finite difference model fron€ andN variablesThe meaning of each variable can be referoed t

in the literature review.

é
1o
C= | S (71)
fcr=—2 — x >y
I~ el *DMR
& _& DMR[ qy2 . & P
,I\ (dS'ransient)timestep i~ & 2 (6' )j Dj O_ ( i X pq
ds=1 ¢ y ' (7.2)
T 4 DMR " 2
'I[(d%ydic)cyclei :% 2 (e(ia)2 Q 9 @ N) ﬁ‘a K ;é X p

TheC andSvalues calculated from each time step in the first cycle and all the later
cycles(starting with cycle 10are combined into a single dataset. Then a filtering process is
conducted to reduce the number of data points using 8gualements of approximately 5000.
The purpose of this filtering procesgasevenly distribute the dataimts acros§rangebecause
the original data points are more located on ldghlues. More details on the combination of
first cycle and later cyclgstarting with cycle 10and the filtering process can be referred to in
the calculation section of AASTO TP 133 and TP 107 standard. Then the correspoiamgl

Svalues are fitted into a power law function as shown in EquétiGh
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It is important to empdsize the inclusion of first cycle and the filtering process here
because these two steps will be revised in the proposed alternaE€[3 models in Section
7.4.1.1

C=1-G,S*» (7.3)
7.2.Sensitivity Assessment of Alpha Effects

S-VECD data from a 9.5 mm nominal maximum aggregate size Superpave designed
asphalt concrete mixture was useagxemplify the alpha impact from these three aspects. The
materials were fabricated in88 mmx 110 nm (diameterheight) cylinderspecimens and
tested for dynamic modulus (via AASHTO TP 132) andESCD characteristics (via AASHTO
TP 133). The alpha value using the traditional definition for this material is 3.63. Different alpha
values (2.5, 3.0, and%).were also selected at random to calibrate the model parameters. Then
those model parameters were further utilized in model verification aneidomgprediction. It
should be noted here that the linear viscoelastic property is the same for eachpbfahe a
scenarios.
7.2.1.Calibration:C-ScurvesCollapse

The calibration ofc-Scurves results with different alpha are presentdelgare44. It
shows that with the increase of alpha, daenage curve itself movéswardstheright. In theS-
VECD model calibrationthe stiffness value witbyclesC(N) does nothangewith the chang
of alpha. Thus, the damage evolution function in théE&D model can be rewiten asshown
by Equation(7.4). The aforementioned change in position withhar alpha values occurs
because an increase of alpha leads to an increa&dofnd thus a highe8value at any

particular point in time.
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(7.4)

It is also observed that the collapse level for different alpha value is different. The
collapse of the damage curvesaa.5 anda=3 is better than others with the collapse of the
curves whera=4.5 being the worst. This result comes from the fact that the effect of changing
alpha on one specimen is different than another specimen, as shown from E@uatior(7.6).
R represents the relative changed8fd svhen changing fronaori to anewfor specimen. If two
specimens have the saiei.e.,Ri2equals to 1, then they will maintain the same relative
difference orC-Scurves for different alpha. However, Equat{@b) showsR-zis related to?,
dC/d 30 andanew and equals to 1 only whel¥d 3s the same for both specimens at any
alpha Thus, theC-Scollapse is different for different alpha values, which indicates the existence
of optimized alpha that maximizes t@eScurve collapse. Assuming ti@&Scurve for specimen
1 has slower slope thaire., on the right side of, specimen 2 with, the vdue R;.> has two
scenarios.

1. Ruiis bigger than 1 wheanewis bigger tharthi and is smaller than 1 whemew
is smaller thartbyi.

2. Ruiis smaller than 1 wheanewis bigger tharthy and is bigger than 1 whethew
is smaller tharhy.

In the first scenario, wheanewis biggerthanUy, the difference o€-Scurves between
two specimens increases with the increasa.af whenanewis smallerthanUy, the difference
decreases first and increases with the decreagewfin the seand scenario, wheanewis
biggerthanUi, the difference o€-Scurves between two specimens decreases first and
increases with the increaseatw; whenanewis smallerthanUyi, the difference increases with
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the decrease @hew In either scenario, there exists an optimized alpha that gives the maximum
C-Scurve collapse. However, if two specimens have very close or the same, though not likely,
pseudostrain values, the change of alpha does not have much impact on the chaltagpsef ¢
because the quantity inside the parenthesig.ofs close to 1. Therefore, more difference in

pseudostrain will give clearer trend in finding optimized alpha.

=
=

geR) Zédc Q@i'l Ry 1
Rl :5 £ 1%198 (7.5)
2R geR) 24dC 6 0
60
¢ éﬁ o
édS 6 11
6 o o Nag‘ri'l Few 1
RoC 5, 3 Lign)iadc 00, .
&ds o é@z |$agxi2§ L (7.6)
gux 3
where:
Anew = the newa selected (2.5, 3, or 4.5),
Aori = the originala from the traditional definition (3.63),
(), = pseudostrain for specimen
R = the ratio ofdSd drom usinganewto aori for specimen,

(dSd p-a,.,= dSd dor specimen usinganew

(dSd B-a,, = dSd dor specimen usingdori,

(dC/d = dC/d gor specimen, and

Ri-2 = the ratio ofR; to Rx.
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Figure 44. C-S curve results usingdifferent alpha value.

7.2.2.Verification: Prediction ofC-N with Loading Condition

Although the actual measured data in cyclic fatigue test are axial stress-sypeconen
strain with time, the ECD model converts them into material stiffness with cyd@sl). The
predictedC-N of test specimens using the test loading condition are compared with the measured
C-N for model verification. The previous section showed how the charact€iSalirve would
vary with the definition of alpha, but it remains to be shown whether thecpoedof C-N

likewise depends on alpha. The predidBeealues as a function ®f is carried out following

Equation(7.7) to (7.9).
& DMR % V- £ 1
: 9 P 2a %
szge—z GG, da -aG, lm( ) d ux (7.7)
51- L, 1 $a—q2 1+ _éDMR 5 a6 3 1 ~
i d, 1 a 1+?T(e§tau) CiCr gKlge; N-. W) (7.8)
C=1 4GS (7.9)

The C-N prediction with parameters calibrated for individual specimen and for all the

specimens using different alpha are both of inteFegtire45 presentstte comparison between
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measured and predict€@IN with parameters calibrated for the same specimen using different

alpha. It is shown that the predicted data generally match well with the measured data for

different alpha selected. The reason tirad.5 shavs the mostlifference between prediction and

measurement compared to other alpha is because the power law fitlisgcorvefor a=4.5 is

not as good as with other alphas. Thus, the data in this figure shows that except when the

underlying analytical ygresentation of th€-Scurve has varying fitness, the definition of alpha

does not affect the prediction capacity of the model for the same conditions used in calibration.

0.9
Measurement
o8 ¢ Prediction_alpha=2.5
0.7 | Prediction_alpha=3
06 F ™ -~ Prediction_alpha=3.63
0.5 '\;__ Prediction_alpha=4.5
(_) . . .

0.3 =~
0.2
0.1

0 ' . .

0 10000 20000 30000
N

Figure 45. Predicted C-N with individual specimenparameters usingdifferent alpha.

Figure46illustrates the comparison betwe@N measurement and prediction of

different specimens with thers@ parameters calibrated for all specimens collectively and its

corresponding-S curve prediction interval using different alpha value. For example, when
a=2.5,the parameters used for prediction of each specimen (s1, s2, s3Fgire?6 (a) is the
same and are calibrated by fitti@gS observations of all the specimendHigure46 (b), i.e., the
parameters of fAmodel fito. The 95% predi
observation oC-Scurve falls in with 95% probability. It presents clearly @& curve collapse

of each alpha and onstructed using the Bayesian inferebesedICMC method.Figure46
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shows thata=3 gives the best match between measured and pre@idtieatcross all specimens
collectively anda=4.5 gives the worst matciihe match between prediction and measurement

of C-N is consistent with the 95% prediction ranges in the correspor@idgurves for each

alpha. Although alpha does not directly affect the predication capacity of the model with
parameters calibrated for individual specimen, it does affect the overall prediator with
parameters calibrated for all specimens collectively, which is required to characterize a mixture
with multiple specimens. This prediction error is due to the variati@®&cross individual

specimens and thus indirectly related to alpha.
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Figure 46. Comparison betweerpredicted and measuredC-N and the corresponding C-S
Prediction Interval, (a,b) U=2.50; (c,d) U=3.00; (e,f) U=3.63; and (g,h)U=4.50.

7.2.3.Long-term Prediction: Prediction @&-N with Structural Response

The test loading condition of asphalt mixture is selected for testing validity and efficiency

in AASHTO TP 133 and AASHTO TP 107. However, the structural response of asphalt
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pavement is depeéent on pavement structure and traffic volume. Therefore, structural response
can be different than the loading condition used for characterization. This section studies the
long-term C-N prediction with structural response using different alpha value.

In the field, the structural response can be very different for thin and thick pavements.
Two sets of structural response are selected, one with large strain representing relatively thin
pavements and the other with small strain representing relativelypdnements, as shown in
Figure47. The specimen strain representspbakto-peakstrain amplitude for test loading
condition.Figure48 presents th€-N predicted results with structural response input using
different alpha value. The final rankings using different alpha are different under different
structural response. When using large strain, the increase of alpha value decreases the material
stiffness when using small strain, the increase of alpha increases the material stiffness.
800
700 ~

600
500 e Large Strain

2400 E Small Strain

Specimen Strain

300 f
200 |
100 |
0 . . .
0 10000 20000 30000 40000

N

Peak to Peak Strain Amplitude
(s

Figure 47. Peak topeak strain amplitude (microstrain) for testloading condition and
structural responsel@rge strain and small strain).
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Figure 48. Predicted C-N using structural loading: (a) large strain and (b)small strain.

Therefore, change of alpha does not lead to an immediately apparent t&hd in
prediction. However, this behavior is perfectly normal and expected based o BECS
model formulation. Equatiofv.10) demonstrates the relationship@N prediction between
original alpha and selected alpha. If the strains are higher than those used in the test loading
condition, the increase of alpha will lead to increaseds®/dN ), which is the case iRigure48
(). If the strains are smaller than the test loading cond{tid@/dN ) decreases with the
increase of alpdy, which is the case Figure48 (b). In order to verify the conclusion made on
material level analysis, a pavement structure with. 4sphalt surfaelayer, 8in. aggregate base
was analyzed in FlexPAVE with the asphalt material property using different alpha, as shown
in Figure49. The traffic input is 417 ESALs per day. This pavement structure generates small
responses, approximately 210 pdéalpeak microstrain, and leads to the predicted %Damage

ranking consistent witkigure48 (b).

é d_C 6 _ ﬁc ée:gew ZILO.anew' aori) 7 10
é‘%dN ngw @ori% 9 ( )

where
(-dC/dN)new = change ofS overN predicted athew

(-dC/dN)ori  =change ofC over N predicted dibr,

215



Frew =the pseudostrain input of structural response, and

Fori =the pseudostrain input of test loading condition.
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Figure 49. Predicted %Damage as FlexPAVEM outputs using asphalt material with
different alpha.

It was demonstrated that different alpha can change the calibration parameters, thus the
C-Scurves collapse, but still satisfies the verification between the model prediction and
measured data. This section further illustrates that the change of alpatiestithe longterm

prediction of fatigue performance. Consequently, alternative model with different alpha

definition can be constructed of\&CD model.

7.3. Material

Thereare two sets of material used in this chapter and they are referreBhasasl
mixtures andPhase 2 mixtures. Phase 1 mixtures are used to establish the preliamabysis
andPhase 2 mixturegepresent an expandddtasetthat was usetb address new issues that
were not foundvhenPhase 1 mixturesere analyzedThese twaets ofdataare usedor
different purposeand were acquired consecutively. A detailed description of the purpose and

the analysis conducted for the two sets of mixtures are presented in the following method

section.
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7.3.1.Phase 1 Mitures

The Phase 1 mixtures intle atotal of 32 mixturesthe details of which are summarized
in Table44. Each of these mixtures included test results for dynamic modulus (t&&l of
specimens) and cyclic fatigue (total of 117 specimdhshould be noted that a mixture
represents a whole set of test results including dynamic modulus test and cyclic fatigue test with
multiple replicates. There are 19 combinations of materials represented by all 32 mixtures.

Table 44. Material properties.

Miure | G | coment ()| content g | SOUTce|  Note
Training (9) | PG 6422 5.6 0 NC -
ILS | Pilot (6)| PG 7622 5.8 0 AL ]
Aging | RS
9.5B30% | PG 5828 5.8 30 (RAP) NC ;
STA
Ag'”ng| AARC PG 6722 6.4 0 NC ;
Aging | LTX
9 SngA AC-20 5.4 0 TX -
Ag'”gT| ALWA AR-40 6.1 0 WA ;
Ag'”g# SRE1 PG 6722 6.0 50 (RAP) AL i
NCAT |N1 | PG 6722 5.7 20 (RAP) NCAT Ctrl.
NCAT |N2 | PG 6722 5.7 20 (RAP) NCAT | High Dens. Ctrl.
NCAT |[N5 | PG 6722 5.2 20 (RAP) NCAT | Low Dens./AC Ctrl
NCAT |N8 | PG 6722 55 |20 (RAP) +5 (RAS| NCAT Ctrl
NCAT | S5 | PG 5828 5.7 35 (RAP) NCAT -
NCAT | S6 | PG 9422 5.9 20 (RAP) NCAT | Ctrl + HIMA
NCAT | S13| AZ Rubber 7.4 15 (RAP) NCAT AZ Rubber
NALF [L1 | PG 6422 5.08 0 ALF ]
NALF [L5 | PG 6422 4.6 40 (RAP) ALF ]
NALF [L6 | PG 6422 4.91 20(RAP) ALF ]
NALF [L7 | PG 5828 4.91 20 (RAS) ALF ]
NALF [L8 | PG 5828 4.95 40 (RAP) ALF -
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The data quality of all the mixtures were checked with B8R andNs results.
According to AASHTP TP 107 and TP 133VR for each specimen should be between 0.85 and
1.15 and\r of each specimen should be betwed®@ to 80000. Otherwise, the speciman
considered an outlier. The data quality check results are sholabie45. There are three
specimens that are outsiNelimits (identified by a gray color backgroundTiable45), but
these specimengere stillretainedto maintain at least three replicates in each mixture. These
three specimens are in ILS Lab E, NALF L1, and NLALF L8, respectively. In the end, 13 out of
117 specimens from cyclic fatigue test wereluded and 31 out of 32 mixtures wergaeed.
All of the excluded specimens were from NCAT or New ALF mixtures.

Table 45. Data quality check.

Mhét Mi xtur| Ni-1 | Ni-2 | Ne-3 | Ni-4 | Ni-5 | Ni-6
1 Traini| 3075 1417 743( 821( - -
2 Traini| 1100 678( 945( - - -
3 Traini| 706( 1442 620( 1034 - -
4 Traini| 25068 3697 829( - - -
5 Traini| 843( 2424 567( - - -
6 Tr ai ni 602( 778( 720 - - -
7 Traini| 845( 1353 765( - - -
8 Traini| 2251 480( 1088 863( - -
9 Traini| 2133 581( 577( - - -
10 | LS | | 1495 1263 1896 - - -
11 I LS | | 2671 2228 2251 - - -
12 LS | | 296( 666( 485( - - -
13 LS | | 359( 1664 182( - - -
14 | LS | 326( 1215 1930 - - ;
15 LS | | 554( 313( 845( - - -

Aging
16 | g 55 30| 615( 705( 2870 215§ - -

Aging | ) ] ]
17 STA 2651 975( 96 3(

Aging | ) ] ]
18 STA 1168 1139 1027

Aging | ) ] ]
19 STA 1231 2884 3051
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Table 45 (continued).

Aging |
20 STA 2862 601( 1561 - - -
21 NCAT | 75505182 663( 2370 9673 -
22 NCAT | 45101181 890 - - -
23 NCAT | 522( 44201349 662( 295 -
24 NCAT | 1040 1664 4571 - - -
25 NCAT | 923( 37068 2250 1537 - -
26 NCAT | 550(0 3992 850 - - -
1319
27 NCAT | BMR| 3329 6104 4824 4388 2369
=0—38
28 NALF | 650 860 126( 556( 2001
29 NALF | +18( 610(¢ 378( 5995 3035038
30 NALF | 00 980 253( 927 334(C 5501
114
- NALF | 210 66 0| (BMR1 - - -
—2 2
1-0-8 (
31 NALF | 180( 286 ((BMR1 37 2( - -d
—1 9

Ngmber results outside dfif range but were tained to maintain at least 3 replicates for each
mixture.
Numbert results not met data quality requirement and were excluded.
7.3.2.Phase 2 Mixtures

Phase 2 mixtures consist @t groups Two of these groups are also part of the Phase 1
mixtures,NCATNew andNewALF, and six are new datasetsliT-RAP, MnRoad, NCATOId,
andKEC. The details of these material properties can be foumdhie46. New information of
NMAS for NCATNew and NewALF groups added in this table to be consistent witheo
mixtures for the repeatability chedRepeatability check was selected because if the threshold of
N: andDMR were used9 mixtures out of the 16 mixtures in MRAP, MnRoad, NCATOId,
and KEC groups would ka data with less than three replicates.

These mixtures are listed out specifically because theywse forin-field pavemers
andthe corresponding field fatigue performance data were acqwiedh was relevant to the

analysis presentad Chapter 8
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Table 46. Phase 2 naterial properties.

. RAP | RAS : Polymer | NMAS .
Groups | Mixtures (%) (%) Binder modified | (mm) Mix
N1 20 | 0 | PG6722 No 9.5 Ctrl.
N2 20 0 | PG6722 No 9.5 H'ggt?lens'
NCATNew N5 20 0 PG 6722 No 95 Low %?SS'/AC
Group N8 20 5 | PG6722 No 9.5 Ctrl
S5 35 | 0 | PG5828 No 9.5 i
S6 20 | 0 | PG9422 Yes 95 | Ctrl+HMA
S13 15 0 AZ Rubber Yes 12.5 AZ Rubber
L1 0 0 | PGe6422 No 125 i
NewALF L5 40 | 0 | PG6422 No 125 i
Group L6 0 | 20 | PG 6422 No 12.5 i
L8 40 | 0 | PG5828 No 125 i
cell16 | ~30 | 5 | PG64S22| No 9.5 H'g,r\‘/l;emp
cell18 | <20 | 0 | PG64S22| No 9.5 H'g,r\‘/l;emp
High Temp
MaRoad | 019 | <20 | 0 | PGeas22| No 9.5 Mix +
Group Regressed
Voids
Typical Low
cell 22 <20 0 PG 58H34 Yes 12.5 Temp Mix +
Limestone
cell23 | <15 | 0 | PG 70E34 | Yes 125 | HIMA Mix
C3 0 0 PG 6722 No 19 Control
R3 50 | 0 | PG6722 No 19 High RAP
AW3 | 0 | o | PGe722 | No 19 WMA-
NCATOId Additive
Group FW3 0 0 | PG6722 No 19 WMA-
Foaming
RW3 | 50 | 0 | PG6722 | No 19 | WMA+High
RAP
0 0 0 | PG 5828 No 16 -
MIT -RAP 15 15 | 0 | PG5828 No 16 -
Group 50 50 | 0 | PG 5828 No 16 -
50R 50 | 0 | PG 5834 No 16 -
KEC PMA 0 0 | PG 7622 Yes 19 :
Group | ASTM 0 0 | PG 6422 No 19 -

The repeatability check resultased on the precision statements established in Chapter 4

are presented ifiable47. The repeatability limit fownonrmandDR for each NMAS mixture are
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selected athe higher threshold of two different geometry specimens since the geometry for each
mixture is not trackabléMixturesthat exceed the repeatability limit adentified by a gray

color backgroundThere are four mixtures in NCATNew group, one mixturl@wALF group,

two mixtures in MITRAP group, and two mixtures in KEC group that do not meet-then

threshold. The two mixtures in MARAP group that do not meedonrmthreshold also fail o®DR
repeatability threshold. The two mixtures in MRIAP andwo mixtures in KEC group were
excluded from further analysis. However, mixtures in NCATNew and NewALF are kept because
they are either 9:5hm or 12.5mm NMAS mixtures and represent majority of mixtures in North

Carolina.
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Table 47. Repeatability checkfor the mixtures.

Mixture Vhorm repeatablllty Vnorm DR re_peatabi”_ty DR _
precision limit (CSR) precision limit | (max-min)
NCAT NewN1 38 133 0.088 0.069
NCAT New N2 38 2 0.088 0.034
NCAT New N5 38 32 0.088 0.076
NCAT NewN8 38 60 0.088 0.083
NCAT New S5 38 49 0.088 0.024
NCAT New S6 38 84 0.088 0.028
NCAT New S13 108 38 0.129 0.070
NewALF L1 108 16 0.129 0.067
NewALF L5 108 167 0.129 0.114
NewALF L6 108 37 0.129 0.030
NewALF L8 108 84 0.129 0.040
MnRoad-16STA 38 2 0.088 0.008
MnRoad-18STA 38 3 0.088 0.041
MnRoad-19STA 38 12 0.088 0.044
MnRoad-22STA 108 2 0.129 0.041
MnRoad-23STA 108 17 0.129 0.072
NCAT old FW3 401 78 0.214 0.082
NCAT old AW3 401 73 0.214 0.038
NCAT old C3 401 62 0.214 0.001
NCAT old R3 401 313 0.214 0.100
NCAT old RW3 401 358 0.214 0.022
MIT -RAP-0 401 243 0.214 0.090
MIT -RAP-15 401 771 0.214 0.076
MIT -RAP-50 401 475 0.214 0.092
MIT -RAP-50SB 401 63 0.214 0.077
KEC-ASTM 401 543 0.214 0.255
KEC-PMA 401 651 0.214 0.336
7.4.Method

This method section is divided into two parts corresponditige@nalyses conducted
with the Phase 1 mixtures and the Phase 2 mixtBlesse 1 mixtures are used as the first step to
develop insight into improving theX3ECD model by redefining alpha actiangng the

parameter estimation method;called data fitting algorithm. Phase 2 mixtures are used to
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furtherrefine the data fitting algorithm becausace the Phase 1 algorithm was applied to a
broader crossection of materials, some limitations wdound that required additional
improvements. Rase 2 mixtures amdsoused in Chapter 8 to evaluatéerent improved
methods of SYECD models by comparing their expected performance and the model prediction
results.
7.4.1.Phase 1 Mixtures

The overall metbd usingPhase 1 mixtures presented ifrigure50. It can be seen from
this flowchart thathere are three alpha definitiomgluded in the assessmentsiginal algha,
optimized alpha, and fixed alpha being processelthree different data fitting algorithms. Two
definitions for optimized alpha and two for fixed alpha are proposed, wasclits in a total of
15 differentfitting methods considering three dataifiigf algorithms. The mixture specific and
specimen specific fitting parametef3i{, Ci2) were both calculated for each method for
evaluation. Different methods are evaluated by their ability to pr€eittand effect ofC-S
collapse. The ability to predi@-N was quantified using only the mixture specific parameters
while effect ofC-Scollapse needs both the mixture specific and specimen specific parameters.
Details of alpha definition, data fitting algorithms and evaluation methods are described in the

following sections.
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Alpha Definition Fitting Algorithm Evaluation

| Original Alpha li

Stress, Strain for-8

Optimized Alpha measured data
» CSR l
(1&2)
Ability to predict €
| e i ) Ii N quantified by SSH

Mixture specific

| Original Alpha li " C_|_1 C_|_2

Optimized Alpha
1&2) " CSC

Specimen specific

Fixed Alpha (1 & 2) C.ll C12
| —
| Original Alpha li

Optimized Alpha
1&2) g CN

| Fixed Alpha (1 & 2)——

Figure 50. A schematic ofoverall method for this chapter.

Effect of €S
collapse

7.4.1.1.Data Fitting Algorithms

Three data fitting algorithms are compared in this study. They are named as CSR, CSC,
and CN algorithms. These algorithms represent different interpretatioWBC® model
regarding the calculatioand physical meaning &value. All the three fitting algorithms use the
same definition o€ as shown in Equatiof¥.11).
S

e"* DMR
S

C

X ¢ X
(7.11
pp

¢ eX * DMR
pp

X>b’

1
—> =) ———>

The CSR algorithm is the one currently described in AASHTO TP 133 and TP 107 and
encoded irthe FlexMAT™ software. Details can be found in Sectibh.2
The CSC algorithm also involves calculationSofalues, but using Equatidi.12). The

difference between CSR and CSC is that CSR incorpdeaisin theScalculation while CSC
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does not. The CSR algorithm is essentially equivalent to calculatismg tke nornormalized
pseudostiffnesst. It should be emphasized that computBwith DMR is selected to have
better collapse of-Scurves compared wit8 calculation withouDMR. However, CSC is the

more theoretically correct form for\8ECD model.

(7.12)

After calculatingSvalues, CSR and CSC algorithms both combirta tam each time
step in the first cycle and all the later cydlstarting with cycle 10)nto a single dataset and
filter the data points using equaincrements of approximately 5000, as described in Section
7.1.2 Then, the correspondif@andSvalues are fitted into a power law function in Equation
(7.3) to construct the damage characteristic curve.

The CN algorithm eliminates the need for calculatigpm the data and instead utilizes
the derived relationship between for predictihgs a function oN when the relationship
betweernC andSis a poweraw function see Equatiof(7.3), in a differentiation equation, as
shown in Equatioi7.13) to (7.15). This algorithnmonly uses data in the later cycles (starting
with cycle 10)a. In addition,the CN algorithm descrédal here does not usdiléering process to

reducethe number oflata pointdike theCSR and CSC methed

dD B 2a .. 1
= AD(e) & (7.13
A = Cn(“"’;’jz Cy” (7.14)
ail 0
b=ge 1 d ¥ (7.15)
G112 -
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The derivation of the CN algorithm is presented in the following:

DefineD = 1-C,
D=C,S™
S:qll/clz[jfcm
% = Cﬂ(ﬁz C12 D1‘ UCy,

The work potential theory from Schaperyos

dS_4 dw & dDe? ¢

ToT®e e 0 &g, C

dx ¢ dS = QdSZ :
Thus, we get

dD _ ds dD cii=cyy? Bl g

dx d xdS & 2° U
d_D: -b a
o - AD é

The equation can be changed from reduced time to time domain with:

Then we change the equation from time domain to cycle domain. &irecaot constant
during one loading cycle, the following changes are made to be consistentMEG3 model:

dD _ b b a
%:arl 3A1Dbrti] eé dt
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In the end, the relationship is found:

dD_ 1 22 381 cos(p ft) § 2a . 1
—— = ) e — = ) 10— .
dn aTA’ ( % ) , GG 2 90 dt At' D ( g{ ) ted (7.16)
1.?. R e E FSE( X- % XP
& =  het (717)
'If(e;ta)cyclel E_R 67(( ﬁpp) |@|LVE) X P

As mentioned previousl\ values are calculated the same way for all three algorithms.
ThereforeC versusN are considered as the measured redd|tf o, andK; are function witm
while freq is a constant in Equatidi@.13). Ag, b (or C11, C12) are parameters to be estimated. The
parameters for CN method are estimated to reach the minimum error b&wersusN
measured and predicted with initial values being the results from CSC method.

Four variants that use different sets of fitting data points either through data filter or
inclusion of first cycle are also investigated, as showrainle48. These variants are named as
FW, FN, NW, or NN. The first letter in the designation indicates whether the later data files are
filtered prior to fitting (F = filtered, N = ncfiltered). The filtered method is the same filtering
process currently part of AASHTO TP 133/TP 107 analysis and is done to maintain a relatively

constant intervabetweerSvalues(in the arithmetic domairgnd yield the same number of
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fitting points for all tesspecimens. The second letter designates whether the first cycle is
included (W = with first cycle included and N = without the first cycle included).

Table 48. Data used for each fitting algorithm in each method.

Fitting FW FN NW NN
algorithms
Filtered data Filtered data | No filtered data| No filtered data
CSR, CSC with 1% cycle | without 15tcycle| with 15'cycle | without 15'cycle
results results results results

No Filtered datal
CN - - with 1%tcycle -
results

7.4.1.2 AlphaDefinitions

Three different definitions for the alpha parameter have been evaluated. They are named
original alpha, optimized alpha, and fixed alpha.
7.4.1.2.1 Original alpha

The alpha as currently defined byWE&CD theory i.e., 1+Ih, are referred to as original
alpha, wheranis the slope ofthe linear viscoelastic response on time in a logarithmic.scale
Details of the origin of this definition can be found in Secdh?2
7.4.1.2.2 Optimized alpha

The optimized alpha refers to the alpha value determined via optimizing the collapse or
fit of the SVECD predictive model. Since there are different approaches to doing this
optimization there are also two stypes of optimized alphimr each of the data fitting
algorithms, optimized alpha 1 and optimized alpha 2. Thesé/pels are summarized Trable

49 and the paragraphs below.

228



Table 49. Description of optimized alpha for each data fitting algorithm.

Data fitting algorithm Optimized alpha 1 Optimized alpha 2
CSR Maximize C-Scurves collapsé
CSC Maximize C-Scurves collapse
Minimize the errors betweer Quick analysis
CN C-N predicted andC-N
measured

As seen in the table, optimized alpha 1 for CSR and CSC algorithm is the alpha that
maximizes th&C-Scurves collapse across multiple specimens. Optimized alpha 1 for CN is the
alpha that minindes the sum of squared errors betw€éex predicted andC-N measured across
all of the specimen results for a given mixture. Optimized alpha 2, also referred to as Quick
Analysis (QA) alpha, aims to find the optimized alpha 1 using linear regressionthather
minimizing an objective function for practical considerations. It selects a certain range of cycles
(from cycle 0 to cycld\) where(% 2 andK; are weakly varying and assumes them constant.
Then Equatiorf7.13) can be rewritten as Equati¢n18) to (7.19). It should be emphasized that
(.2 andK; are functions of the cycles. Therefore, a relationship lt®eat N: andN; can be

found in Equatior{7.20).

dD _ .,
G, -0’ E (7.19
2a l
B=AK/(e}) — (7.19)
red
Dy’ =( #)B N, (7.20)

With the selected time period whela 12 andK; can be considered constant for each
specimenB value can be calculated for each specimen since each specinuéficnant o 1a

but shares the samg, K1, freq With other specimens within the same mixture. The relationship
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betweerB and % « are then fitted into log linear regression function to find the optimized alpha
2.
7.4.1.2.3Fixed alpha

Fixed alpha is defined as a constant universal alpha across all mixtures. It aims at finding
aconstantlpha value that can be applied to all the mixtures to serve two purposes: 1) to increase
the C-Scurve collapse and 2) to reduce the sensitivity afioal alpha calculation.

There are two separate definitions of fixed alpha, named as fixed alpha 1 and fixed alpha
2, corresponding to optimized alpha 1 and optimized alpha 2. Fixed alpha 1 is the average of
optimized alpha 1 corresponding to each fit@hgorithm. Fixed alpha 2 is the average of
optimized alpha 2Table50 shows a brief description of the fixed alpha for each data fitting

algorithm. In this way, fixe alpha represents the alpha that in general increas€sSbarve

collapse.
Table 50. Description of fixed alpha for each data fitting algorithm.
Data fitting algorithm Fixed alpha 1 Fixed alpha 2
Average ofoptimized alpha 1

CSR for CSR

cscC Average of optimized alpha| Average of optimized
for CSC alpha 2 for Quick analysi

CN Average of optimized alpha
for CN

The sensitivity of original alpha calculation comes from the variation \edlue with
different dynamic modulus results from different operators/laboratories. By using a fixed alpha,
the uncertainty propagated from dynamic modulus results can be re@beeefore, the
reproducibility of damage characteristic curve results from multiple laboratories can be

increased.
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7.4.1.3.Comparison Metris

Two comparison metrics were adopted to evaluate the performance of different fitting
algorithms and alpha definitions. &ty r ef |l ect t he metNmamdés abi |l ity
variation of the model prediction.
7.4.1.3.1 Ability to predictC-N

The measure@-N is calculated using Equatidid.11) with transition from reduced time
to cycle. The predicte@-N is calculated using Equatidii.16) where( a andK; are also
changing with cycles. The damage characteristic curve parar@ete@, used in the prediction
were estimated across all the specimen results (mixture specific parameters). For CSR and CSC
algorithm, these are parametaanf fitting the power law function, Equati@n.3), in C versusS
domain. For CN algorithm, these parameters are optimized to reach the minimum error between
C versusN predicted andC versusN measured. To account for the different number of
specimens for each mixture, the average mean squared error (Avg_MSE) wasqusetdify

the ability to predicC-N for each mixture.

nKi

Amse & &C, .-G /K
Avg_MSE= 1= Z2i2 (7.22)
n n
where
n = number of specimens,
sse = sum of squared errors for specimen
Ci_m = measured for specimen at pointj,
Ci_p = predicted C for specimerat point j,
Ki = number of measured points for specimen
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7.4.1.3.2 Effect of GS collapse

C-Scollapse represents the variation of model prediction for testing conditions, the level
of which is depicted bynorm Value as Equatio(8.20) for each mixture with multiple replicates
A highervihorm indicates a higher variation betwe@ft curves for different specimens of the
same mixture. The,omfor CN algorithm was calculated by finding t8¢; andCi2 parameters
for each of the specimen and across the specimens. It should be emphasized that the initial values
of the CN algorithmareimportant becausine CN algorithm minimizes an objective function
and is sensitive to initial values. This study selects CSC method results for each specimen or
across the specimens as the initial values for CN algorithm.
7.4.2.Phase 2 Mixtures

As described imletail below, one key limitation to the algorithms that were evaluated in
the Phase 1 investigation was their ability to handle mixtures that exhibit substan{peiviremn
law like behavior inC versusSdomain. To try and correct this issue two basic @gghnes were
evaluated; 1) modifying the filtering process prior to fitt@gersusSor C versusN and 2)
adjusting the amount of data from the test that was actually fit to the damage function.
7.4.2.1.Different Filtering Process

The filtering process in CSC method was conducted on arith@sgpiace and no filter
was applied for CN method. It is of interéstsee the effect of filtering process in logarithi@ic
space for CSC method and in logarithidispace for CN method.

CSGFN2 represents glight variation to CS&@-N. Like CSCFN the data is filtered prior
to fitting, but unlike CSEFN, this methodiltersthe data so that it is more evenly spaced in the

in logarithmicspace instead o&ther arithmeticpace This filter uses &arget interval of 0.02
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between log(S) 3.7 andlog(Sai) in logarithmicSscale. Thissariationwas proposed because
CSC methd is actually fitting the data in log{@) and log§ domain.

CFN method still fits the data i@ versusN domain but filters the data in logarithmic
scale with an equal interval to increase the weight of data points witlChiglues.This filter
uses a target interval of 0.05 from 10 to Mgy{n logarithmicN scale.

The Avg_MSE results for CSEW, CSCFN, CSGNN, CSGFN2, CN, and CFN
method are compared wiBhase 2 mixtures data.
7.4.2.2 Partial Data Fitting Algorithns

In addition b evaluating the filtering procedsyo partialdata algorithmsvere also
investigated to see if it was possible to simply limit the range of fitting data in oreteh CN
method inC versusS domainfitting. This approach was evaluatiedcause fittingn C versusS
domain ismore consistent with the existing methodologies described in the literature and
AASHTO TP 133 and TP 107, and the approach that is aliega@gmentedn FlexMAT™.,
These partial fitting processes are name@€8&-FN3C and CSCFN3S.

CSGFNS3C uses the filtering process in logarithi8iscale but fits part of data with
certain limit inC value while CSEFN3S the same but with certain limit8value. CSGFN3C
method selects a threshold e€Cland only fits the data with-C value higher than-C:. CSG
FN3S method selects part of the dat& stale with the following steps:

1. Calculate the range of data in logarithrSiscale.

Range= logS,.,) - 104 S,.) (7.22)
where
Shax = the maximum ofvalue and
Shin = the minimum ofSvalue.
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2. Find the threshold dbfor data selection.

Shreshold = |Og( Snax) -Range 5 Y (7.23

where
Shreshold = the threshold o6 value for data selection and
S% = the portion of range to be selected.

3. Fit the data that ha&Bvalue higher thaSnreshold
The Avg_MSE results for CSEN3C with different 1Ciand CSCFN3S with different

S% are analyzed tilentify a universal &C; or S% that would fit all the mixtures to match CN
method results.
7.5.Results
7.5.1.Phase 1 Mixtures
7.5.1.1.0riginal Alpha
7.5.1.1.1 Average MSE Results

Figure51 shows the ability to predi€-N using original alpha definition with three
fitting algorithms. Most of the mixtures have similar results with different fitting algorithms.
However, NCAT N8, S5, S6, and S13, NewALF L8 exhibit much higher difterbetween
Avg_MSE from CSR or CSC algorithm and Avg_MSE from CN algorithm. To identify the
effect of projects that different mixtures belongTaple51 presents the average Avg_MSE for
each project. The average Avg_MSE is computed by summing the Avg_MSE for different
mixtures in the same project and divided by the number of mixtures used. The difference
between CSC and CN for NCAT group is similar toAN&LF group, 10.7 times higher than

aging group, 13.2 times higher than training group, 3046.2 times higher than ILS group.

234



Although CSR, CSC, CN were developed as different fitting algorithms in different

fitting regime, it is still expected that CN algam will have similar Avg_ MSE compared to

CSR and CSC. The problem becomes to understand why some materials, particularly NCAT N8,

S5, S6, S13, NewALFL8 show more difference between different algorithms compared to other

mixtures.
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Figure 51. Avg_MSE for all the mixtures using different fitting algorithm and original
alpha: (a) maximum y-axis scale is 0.015 and (b) maximum-axis scale is 0.003.
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Table 51. The average Avg_MSE for eaclgroup using different fitting algorithm.

Mixture | \rvtures | CSR | CSC | CN | CSCCN
No. range

1-9 Training 6.62E-04 | 9.04E04 | 6.03E04 | 3.01E-04
1015 ILS | 3.96-03| 5.05E04 | 504E.04 | 1.30E06
16-20 Aging 102E-03 | 9.81E04 | 6.11E04 | 3.70E04
2127 | NCAT |4.98-03|5.01603 | 1.03503 | 3.96E-03
2831 | NewALF | 4.1-03 | 4.29E03 | 1.06E03 | 3.23E03

To identify the effects of the different Avg_MSE results from different algorithms, a
typical mi xture, referred to a<Npredictpdand | mi x t
N measured for CSR, CSC, and CN algorithmssture No. 1, is shown ifrigure52(a). Figure
52(b) presents the mixtu{®CATS6) with mismatch betwed+N predicted andC-N measured
for CSR/CSC and a good prediction for CN algorithm. The results for NCAT S6 are similar to
NCAT S5 and NCAT S13. NCAT N8 results are showFRigure52(c). A different trend oC-N
measured for NCAT N8 can be observed compared to other mixtures. No@natbyld
experience a quick drop and decreases slowly until failure. However, two speoim&DAT
N8 have &-N trend where there is a larger drop at the beginning of the test, than what is
typically seen. The reason for the unusual behavior for NCAT N8 is still unknown, but the
testing data was reviewed completely for obvious anomaliesddatey, end failures, etc.) and
nothing was noted. Results of NewALF L8 are showhigure52(d). Although this mixture has
smaller number of data pus because of its much smalMivalues compared to other mixtures,
it does not stand as a reason to explain its difference between CN algorithm and CSR or CSC
algorithm.No particular reason regarding the material or test quality can be found for this
mixture to explain the difference between CN algorithm and CSR or CSC algorithm.

It was found from investigating into Phase 1 mixtures that the discrepancy between
CSR/CSC and CN comes from the nonlinearity between l&g) @ind logd) especially in the

first cycle.As described in the previous sections, the current framework in CSR and CSC filters
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the data points i€ versusSdomain with a consiste®interval so that the fitte@-Scurve will

not put too much weight on the Id@values and CN does not include filtering process. In
addition, CN fitting uses data excluding the first cycle results while CSR and CSC, though using
filtered data, include the first cycle results.

In orderto identify the effect of inclusion first cycle and filter process in the current
procedure, the fitting results with FW, FN, NW, and NN were analyzed. For a point of reference,
the FW column represents the method used for CSR, CSC, and CN fittingnatgioriigure
51, Figure52, andTable51. Figure53 demonstrates the relationship betwedd dndSin log-
log scale for each fitting algorithm with differerdtd points used for NCAT S6. For
comparisonFigure54pr esent s t he same relationd&dil,p for
where CSR, CSC, CN have similar results.

A mixture that does not show much of an effect of nonlinearity has a good consistency
between CSR/CSC and CN algorithms. When the first cycle is excluded and data are used
without filter for NCAT S6, i.e., when the NN method is used, the difference bet@®R/CSC
and CN is much smalleFigure55(a) shows th€ versusN prediction using CS@QIN method
and the original CN method for NCATS6. In comparison with &3 method, shown in
Figure52(b), CSCNN method matches ¢hmeasured data better. Moreover, @8C method

fits the data in the high& value range better than the original CN method Fsgere55(b).
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Figure 52. C versusN measured and predicted using CSR, CSC, CN algorithm: (a) typical
mixture, (b) NCAT S6, (c) NCAT N8, and (d) NewALF L8.
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Figure 53. 1-C versusSin loglog scale for different cata points used for NCATS6 (a) FW

method, (b) FN method, (c) NW method, and (d) NN methad
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Figure 54. 1-C versusSin loglog scale for different data points used for Mixture NO. 1: (a)
FW method, (b) FN method, (c) NW method, and (d) NN method.

Since the nonlinearity between logC) and logf) is the main reason that CSR/CSC
methods generate very different results than CN algorithm for some mixtures, using CSR/CSC
with the NN method will possibly reduce the difference. The Avg_MSE of all the mixtures with
differentfitting algorithms using dferent data points (FW, FN, NW, NN) are presented in
Figure56. Figure56 (a) is the same d3gure51 (a) but is replotted beside the other parts for
better comparisorkigure56 (c) has a different4axis limit because of its extremely high results.
When nonfiltered data was used and first cycle dateewelsided, the difference between
CSRCSC and CN is reduced for NCAT S5, S6, and S13 mixtures while other mixtures are not
affected. From the figure, the prediction@¥ersusN for NCATN8 did not show an

improvement with NN method for CSR and CSC probably due to its abnGrasabusN
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behavior, as described earlier in this section. NewALF L8 has improved results with the NN

method for CSR/CSC, but still not as good as the CN algorithm. This result occurs because the

nonlinearity between log{C) and logf) exists for this mixture even afttre first cycle is

excluded with nonfilter cycle.
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Figure 55. C versusN measured and predicted using CSE@NN, CN algorithm for NCAT S6:
(a) arithmetic scale onN and (b) semi log scale oiN.
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Figure 56. The average MSE for all the mixtures with CSR, CSC, and CN algorithms: (a)
FW method, (b) FN method, (c) NW method, and (d) NN method.

This nonlinearity can come from high damage in the first cycle, suciCAg %5 and

S6, or just a fact, such as NCAT S13 and NewALF L8. In these cases, using NN method can

decrease the discrepancy between CSR/CSC and CN fitting in Avg_MSE results.

Even though CN algorithm has the best overall match with mea€uikedspecially at

later stage o€ values, it takes longer time to calculate, is sensitive on the choice of initial values

and is harder to be implemented in excel based FlexMATSR andCSC algorithms are easy

and quick to compute and can predict better at early stageafie. However, they do not

predict well at later stage @fvalue for some mixtures. CSR and CSC algorithm with NN

method have a good match on both early stage amdskaige o€ value and are easy to be

implemented in FlexMATM™,
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7.5.1.1.2 vnorm results

Figure57 presents thenom results for different data fitting algorithms using different
data points. It should be noted that they have diffgrenxis maximum value to better depict the
difference. First of all, there is no data fitting algorithm consistently having the higHestest
Vnorm across all the mixtures. In the FW method, showFigure57(a), CSC has the highesbm
for mixture 7 but the loweskorm for Mixture 21. To identify the effect of DMR in CSR and CSC
algorithm onvaorm results, the relationship between the difference.@fin CSR and CSC
algorithms and the DMR range was plottedrigure58. No clear trend was found but CSR
algorithm has overall small&fom results compared to CSC methéture57(b) shows the
results with FN method. Mixtuse25 and 26 haveubstantiallyhighervaom for the CN algorithm
compared to others. This effect is due to the sensitivity of CN algorithm on the initial value
selection. To calculateomfor CN algorithm, specimen spedfparameters are constructed for
each specimen and mixture specific parameters are constructed across all specimens. The
specimen specific parameters for CN algorithriigure57 (a) to (d) use the specimen specific
parameters from the corresponding CSC method as the initial values and the mixture specific
parameters for CN algorithm use the mixture specific paramfetenscorresponding CSC
method as the initial values. A detailed description of the initial value sensitivity will be
presented in the next chaptBigure57 (c) shows that NW method is not stable in characterizing
the damage parameters, which is consistent with the results sh&guia56 (c). NN method

in Figure57 (d) also presents some differencesismcompared to FW and FN method.
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Figure 57. vnorm results for each mixture using different fitting algorithms: (a) FW method,
(b) FN method, (c) NW method, and (d) NN method.
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Figure 58. Relationship between difference irvnorm for CSR and CSCwith FW and DMR
range.

To quantitatively compare the cumulative uncertainty generated by each data fitting

algorithm, thevhorm values for all mixtures have been summed for each method and the results
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are shown imable52. Based on these results, the CSR has a smaller cumwativeum than
CSC. In addition, the CN algorithm generates the highest cumwasivexcept for NW
method which is considered not stalAéthoughthe CN algorithm generates the highest
cumulativevnorm of all mixturesacross CSR, CSC, and Gfér FW, FN, and NN methaj, the
CN algorithm does not consistentigvethe highestnomfor each mixture across different
methodsSome mixtures have lowss#orm for the CN algorithm than other methods becaGs8
curves generated by CN algorithm have flastepe at the end of the cunafjown in Figure59,
which by definition leads to smaller valuevaérm Some mixture®iavehigher vnorm for CN
algorithmbecause thy experiencehe initial value sensitivity of CN algorithnA detailed
discussion of initial value sensitivity of CN algorithm is presented in Se8tbA.2.3

Table 52. Sum ofvnorm for different fitting algorithms across all the mixtures.

Methods CSR CSC CN
FW 1289 1422 1634
FN 1246 1343 2318
NW 3273 3589 1981
NN 1415 1496 1754
11

+ Data
0.8 i CSC| |
Vi - =CN
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Figure 59. C-S curves generated by CN algorithm have flatter slope at the end of the curve
than C-Scurves generated by CSC algorithm.
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The significance of th€-Scollapse is that it affects the reliability of pavement
performance predictions; a loweim means that the model uncertainty is lower and thus the
prediction reliability is higher. The effect of tkeS collapse on the prediction error of
%Damagen FlexPAVE™ results was investigated using the relationship betweanand the
standard deviation dfbDamagedescribed in Sectio#.3.3.1 The standard deviation of
%Damagewas originally calculated to find the relationship between the prediction error of
%Damageand the variation from dynamic modulus results, damage chartcgecisrve, and
failure criterion. Here, the effect of dynamic modulus results and failure criterion are ignored and
Equation(7.24) to (7.25) are used. To construct the 95% confidence interval of the predicted
%Damage an average dfoDamageof 15 was selected; the final prediction interval is shown in
Equation(7.26). The value 15 was used because this value represents the transformation point
betweeroCrackingincreasing slowly and increasing rapidly in the prelimyrtaansfer function
which describes the relationship betwée@rackingof pavement field results addDamage
Half of the prediction interval range, 1.96>stdvs S is shown inFigure60 for each mixture

and data fitting algorithm for FW method.

a, =0.02519" (7.24)

Std_Cvs$ a{ Avgof %b™ (7.25)

Pred=[15% 1.965Std CvsS,15% +1.96 $td Cvs (7.26)
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Figure 60. Effect of C-S collapse on prediction error of%Damagefor FW method.

Since the range in the error was calculated fveyi, it matches the ranking ®form
results for each mixture and each data fitting algorithm but prosml®e quantitative measure
of the consequence of the aforementioned variation. The average half range for CSR method is
1.18%, representing a prediction interval ¥9Damageof 15+1.18%; for CSC method it is
15+1.26%; and for CN method it is #5.37%. The lghest half range for the CSR method is
15+2.75%; for CSC method as4%.84%; for CN method as 13.30%.
7.5.1.2.0ptimized Alpha

Table53 presents the results of optimized alpha for each mixture and each method. As
seen in this table, an optimized alpha does not always €keste are two main reasons for this
occurrence. Firsthe tests results themselves may not be trustworthy such as when the fatigue
life is abnormally short or the data quality is very low. Second (and more common), the three
cyclic fatigue test results may be conducted at similar loading conditionsimi¢ay ®n-
specimen strain. As Equati¢n.5) shows, when the test results of two specimens are sufficiently
close together, the sensitivity of alpha with extgoC-Scurves collapse becomes |ov.

typical case where optimized alpha exist for CSR and CSC method is shbignrna6l (a).
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With the increase of alphaom first decreases and then increases and the optimized alpha is
2.74, which is different from the original alpha as 3.68. However, there are cases where an
increase of alpha only leads to an increasedf in the appropriate alpha randédure61 (b)),
descri bed as nTadedd Therasnateralsoacaseswheoe thie mcrease of alpha
leads to decrease @form Value until it reaches a plateau without increasing adagu(e61 (c)),
descr i baetde aaus ridRabkeIB.Sindar phenomena were observed when optimizing

alpha using the CN method, showrFigure62.  The only di fference 1is

increasingo behavior was found in CN method.

the linear assumption betweBrand (B 1, as shown in Equatiof7.19). Therefore, optimized
alpha 2 exists if a good linearity is met for the mixture, an example shdvigure63 (a). If a
good linearity is not met, an example is showfrigure63 (b), the results of optimized alpha 2
will be discarded. A RbetweerB and (1 for one mixture greater than 0.9 will be considered

good linearity.
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Table 53. Optimized alpha results.
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Figure 61. Three typical cases ofnorm Over alpha for CSR and CSC method: (a) An
optimized alpha exists; (b)vnorm keeps increasing with the increase of alpha; and (c) A
plateau is reached when alpha increases.
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Figure 62. Two typical cases of Avg_MSE over alpha for CN method: (a) An optimized
alpha exists; (b) Avg_MSE keeps in@asing with the increase of alpha.

250



() 10 e (b) o ¥

R2=0.9267 45

Optimized alpha 2 = 2.94

1 L L L L 1 L . 1 1 1 L 1 L L
1500 1600 1700 1800 1900 2000 2100 1600 1700 1800 1900 2000 2100 2200
Pseudostrain Pseudostrain

Figure 63. Two typical cases of for optimized alpha 2: (a) good linearity exists; (b) good
linearity does not exist.

In total, 7 mixtures out of 31 mixtures did not have an opticdhépha for CSR method;
7 mixtures did not have one for the CSC method, 5 mixtures did not have one for the CN method
and 16 mixtures did not have one for the optimized alpha 2. There are 12 mixtures that where an

optimized alpha exists for all methodsgure64 presents the comparison of optimized alpha for

each method.
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Figure 64. Optimized alpha for each method.
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7.5.1.3.Fixed Alpha

The original alpha was verified to reach a g@8 collapse in the literature. But that
verification was based on visual verification and the dependency of dynamic modulus results
leads to an additional source of uncertainty. The optimized alpha isteohswh the
mechanical meaning of alpha: alpha represents a material constant that result in the best collapse
of C-Scurves for this material. But the optimization rule does not work for all the mixtures. The
fixed alpha simplifies the alpha calculatiand can also significantly reduce the variatioC<3$
curves, though not as good as the optimized alpha. In the end, the average of optimized alpha for
each method is selected as fixed alpha for simplicity.

The average of existing optimized alpha fotleenethod is shown ihable54. This
average alpha for optimized alpha 2 method excludes mixture 24 because it is not consistent
from other approaches. All the three egaches for optimized alpha 1 of mixture 24 have the
value around 3, which is much smaller than the original alpha. However, the optimized alpha 2 is
in the opposite direction, thus bigger than original alpha. All the average alphas are used in
investigatng the fixed alpha effect. In the case of fixed alpha 2, 2.71 is used instead of 3.08.

Table 54. Average of optimized alpha for each method.

Average alphg
CSR 3.18
CSC 3.30
CN 3.05
QA 3.08
QA without mixture 24 2.71

7.5.2.Phase 2 Mixtures

7.5.2.1.Different Filtering Process
The fundamental explanation for the difference between CSC and CN method lies in the

nonlinearity between log{C) and logf) asdescribed in the previous section. To better convey

252



the effect of this nonlinearity on the difence between different data fitting algorithras,

vari abl e na me¢hd quadif@sitite nenlineapty bietween logflland logf) was

constructed apresented ifrigure65. They axis represents thiggadient in log(2C) and logd)
space by a moving average of 20 data pointsxands represents [o§)(. Then a lirar line is
fitted toFigure65 and the slope is called dCdS slope. The material shows more nonlinearity in

log(1-C) and log§) space has a lower (negative) dCdS slope
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Figure 65. Construction of dCdS slope.
Figure66 shows the Avg_MSE differendeetween different methods over the dCdS

slope. The Avg_MSE difference uses the results of CN method as a reference and is calculated
by subtracting results of Ciethod of results of CSEW, CSCNN, CSGFN2, and CS&-N

method with original alpha for all the Phase 2 mixtures. In general, higher nonlinearity leads to
higher Avg_MSE difference between C&UV and CN methodt is alsoobserved that although

CSGNN metlod works well for Phase 1 mixtures, it does mesilve all the nonlinearity issue

for some Phase 2 mixtures.
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CSGFN2 does not improve the performance comparglSGFW, CSGNN or CSG

FN method CFN has very close results compared to CN method.
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Figure 66. Avg_MSE difference between different methods using original alpha with
respect to dCdS slope for all the mixtures.

Table55 presents the value of dCdS slope for each mixture of Phase Rithathe
corresponding mixture informatioAlso shown in this table ihe discrepancy of fitting between
CSCFW and CN metltbasquantified by the difference of Avg_ MSE. The mixtures are ordered
from thelowest absolute value diCdS slope (highest linearity level in logC) and logg)
domain) to thénighest absolute value dCdS slope (highest nonlinearity level in log¢land
log(S) domain).This information is listed order toidentify whether there are any patterns with
respect to the dCdS slope and mixture compositional factors such as the presence of polymer
modified asphalts, use of high recycled contents, Bteseven nxtures withthe lowestdCdS
slopeare categorized amixtures withhigh nonlinearityin log(1-C) and log§ domainand are
marked by a gray color background

Based on the results from this table, it does not appear that there defiartiye

explanations for the presence (or not) of a linear relationship betweerdpg(id logg).

254



Polymer modified binder does not seem to cause the nonlinearity issue because NCATNewS6
and MnRoaeR3 both use HiMA but they have very different nonlinearity leR&P content

does not seem to be the contributor because NCAT3ldnd NCATOIdR3 (Similarto
NCATOId-FW3 and NCATOIdRW3) have the same material property except that NCATOId

R3 uses 50% RAP, but NCATQOIMd3 has higher nonlinearity level than NCATERS. Out of

23 mixtures inTable55, three use binder with PG 88 and one uses binder with PG38

These four mixtures all show high nonlinearity in logfland log§ domain. It is possible that

the binder type can lead to the phenomenon of high nonlingatdyg(1-C) and log§ domain.
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Table 55. Mixture dCdS slope with the corresponding information.

Avg_MSE

dCdS slope| Differentce '?02 ;D %2)8 Binder riggi:‘?:c; '\(Img)s Mix
(CSCFW-CN)
MnRoad-18 0.02 1.44E04 <20 0 PG 645822 No 9.5 High Temp Mix
MnRoad-22 0.04 65704 | <20 | O |PG58H34| Yes 125 | Typical Low-Temp
Mix + Limestone
MnRoad-16 -0.06 -9.16E06 ~30 5 PG 64822 No 9.5 High Temp Mix
NCATNew-S13 -0.09 8.93E03 15 0 AZ Rubber Yes 12.5 AZ Rubber
NewALFL5 -0.10 1.08E03 40 0 PG 6422 No 12.5 -
MnRoad-19 | -0.11 223605 | <20 | 0 |PG64S22| No o5 | HighTemp Mix +
Regressed Voids
MnRoad-23 -0.13 -2.38E05 <15 0 PG 70E34 Yes 12.5 HIMA Mix
NCATNew-N5 -0.15 3.75E04 20 0 PG 6722 No 9.5 Low Dens./AC Ctrl
NCATNew-N2 -0.20 5.97E04 20 0 PG 6722 No 9.5 High Dens. Cirl.
NewALF-L1 -0.21 1.99E03 0 0 PG 6422 No 125 -
NewALF-L6 -0.24 2.32E03 0 20 PG 6422 No 12.5 -
NCATNew-N8 -0.24 1.23E03 20 5 PG 6722 No 9.5 Ctrl
NCATOId -RW3 -0.24 1.02E03 50 0 PG 6722 No 19 WMA+High RAP
NCATOId -R3 -0.25 3.02E03 50 0 PG 6722 No 19 High RAP
NCATNew-N1 -0.26 5.24E04 20 0 PG 6722 No 9.5 Ctrl.
NCATOId -AW3 -0.29 2.35E03 0 0 PG 6722 No 19 WMA -Additive
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7.5.2.2 Partial Data Fitting Algorithms

The relationship between the summation of Avg_ MSE wit6: for all thePhase 2
mixtures is plotted ifrigure67(a). When 1 C; equals 0, the results are consistent with the-CSC
FN2 method where all the data points were included except theyfalst To reach an overall
minimized Avg_MSE across all the mixtures,C should be selected as 0.#egure67(b) also
plot the same relationship but for only segetected mixtures. These mixtures are selected as
they have higher mismatdietweenC versusN measured and predictettius higher Avg_ MSE,
from Figure66. Here a 1 C; value as 0.54 will minimize the overall Avg_MSE. Thesult
happens because some mixtures show higher Avg_MSE w@hetjuals 0.54 compared to 0.46,
although they still are smaller than the error in @92, thus when-1C; equals 0. In addition,
there are three mixtures that show higher error whé&h dquals 0.54 compared with the

original CSCFN2 method as shown Figure68.

0.16 0.16
(a (b)
014 [ 014 |
ho12 | Péo.lz L
201 | 101 F
2 5
Z008 | Z008 |
S 0.06 | S 0.06
3004 t Z004 |
002 | 002 |
0 1 1 1 O 1 1 1
0 0.2 0.4 06 0 0.2 0.4 06

1-C, 1-C

Figure 67. Relationship between Sum of Avg_ MSE and-C:: (a) all the mixtures and (b)
selected sevemixtures.
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Figure 68. Avg_MSE for three selected mixtures regarding different 4C; value.

Figure69(a) presents the relationship betweemswation of Avg_ MSE an&% over all
mixtures andrigure69(b) over selected seven mixtures. Theéo that reaches the minimum
overall Avg_MSE is 33.5% and 34% for #ile mixtures and seven selected mixtures,
respectively. Whe& % equals 100, the results are consistent with-ES€ methodFigure70
also presents the same three mixtures and their relationship between Avg_MSk aallies.
The results show that selectiBdg¥% of 34% does not have negative effect on Avg_MSE for these
mixtures. Moreover, all the results show either improved Avg_ MSame Avg_MSE when

using partial fit inSwith S% equals 34%.
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Figure 69. Relationship between Sum of Avg_MSE and-$%: (a) all the mixtures and (b)
selected seven mixtures.
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Figure 70. Avg_MSE for three selected mixtures regarding differen5% value.

The difference between CSEN3C and CSE@-N3S also lies in their fit for NCATNewS5
and NCATNewS6 mixtures as presentedrigure71to Figure74, where 1C;is 0.54 andg% is
34%. Although both CSEN3C and CSEG-N3S do not matcll versusN measured data for
NCATNewS6 as good as the CFN method, R3S does fit better than CSN3Cfor

NCATNewS5 mixture.
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Figure 71. Measured and fitted data of different methods irC versusS domain for
NCATNew S5: (a) arithmetic C and arithmetic S, (b) logarithmic 1-C and arithmetic S, and
(c) arithmetic 1-C and logarithmic S.
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Figure 72. Measured and fitted data of different methods irC versusN domain for
NCATNew S5: (a) arithmeticN for three specimens and (b) logarithmidN for three

specimens.
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Figure 73. Measured and fitted data of different methods inC versusS domain for
NCATNew S6: (a) arithmetic C and arithmetic S, (b) logarithmic 1-C and arithmetic S, and
(c) arithmetic 1-C and logarithmic S.
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Figure 74. Measured and fitted data of different methods irC versusN domain for
NCATNew S6: (a) arithmeticN for three specimens and (b) logarithmidN for three
specimens.

CSGFNS3C tries to match the CN fitting results with a relatively simpler method
compared to CSENSS by using a fixed-C: value. However, the results shesithat a
universal fixed 1C; value does not exist. Thimding suggestthatothersimple partial fitting
methodusinga universal fixedthresholdwould not exist because of the relationship betw€en
andS. The more omplicated patrtial fitting methodSGFN3S withS% equalto 34% is
capable of reproducing CFN method result€ wersusS domainfor almost all the mixtures
without having to deal with initial value sensitivity, complication in the FlexNtA@lgorithm,
and major changes in AASHTO TP 107, and AASHTO TP 133 standards. Even though it does
not fit C versusN measured data as good as CFN method for NCATNewS86, it is still better
compared with CSE&N2 and can be acceptable considering the amount of effortdiéd take
if CFN method is used.

To verify the effectiveness of CSEN3S method, a new mixture KK that exhibits high

nonlinearity and another mixture KIAwith good linearity in log(4C) and log§) space are used
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with CSGFN2, CSCFN3S, and CFN methodhe results are shown Figure75to Figure78.

For mixture KAN, CSCGFNS3S has a very close fit compared to CFN method while-EISZ

does not fit the measured results well. It is also expected thaFGISS still has the problem of

not fitting the highC value so well compared to CSEN2 since it is matching the results of CFN
method. This mismatch on highvalue can clearly be observed in both measured and fitted data
in C versusSdomain inFigure75 and inC versusN domain inFigure76(b). For KA-L mixture,

the results of CSEN2 and CFN are very close betwesaasured data and fitted data in bGth
versusSandC versusN domain. CSEFN3S maintains the good fit and almost overlaps with
CSGFN2 method. These results indicate that FN3S method with 34% &% can be used

to match CFN method but remains fitjim C versusS space.
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Figure 75. Measured and fitted data of different methods irC versusS domain for KA -N:
(a) arithmetic C and arithmetic S, (b) logarithmic 1-C and arithmetic S, and (c)arithmetic
1-C and logarithmic S.
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Figure 76. Measured and fitted data of different methods inC versusN domain for KA -N:

(a) arithmetic N for three specimens and (b) logarithmid\ for three specimens.

(a) (b)

Figure 77. Measured and fitted data of different methods inC versusS domain for KA -L.:
(a) arithmetic C and arithmetic S, (b) logarithmic 1-C and arithmetic S, and (c) arithmetic

1-C and logarithmic S.
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