
ABSTRACT 

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

Mixture Classification Systems. (Under the direction of Dr. B. Shane Underwood and Dr. Cassie 

Castorena).  

 

State highway agencies (SHAs) and the asphalt industry are continually implementing 

new technologies, test methods, and specifications to improve asphalt mixtures and pavement 

performance. However, evaluating the effect of those new technologies is not an easy task. The 

link between mix design and pavement performance is not clear when it comes to asphalt 

pavements. Furthermore, a few SHAs have begun the process of implementing a cracking test 

and a rutting test into the mixture design process for what is termed a ñbalanced mix designò 

(BMD) approach. While there are four potential approaches, according to AASHTO PP 105 for 

implementing a BMD procedure, most states follow Approach A in which each mix design must 

meet both the volumetric requirements plus the performance test criteria. In addition, specimen 

preparation and testing time have limited the frequency of testing used for the purpose of BMD 

or acceptance testing. 

In consequence, this dissertation evaluated the most common adjustments made by SHAs 

(NCDOT in particular) to their Superpave volumetric mix design procedures, and verified the 

effectiveness of these adjustments through historical data. In addition, this research supported the 

ongoing efforts to reintegrate the mechanical tests as part of the mix design by generating 

performance prediction models for mixture characteristics that can be used in mechanistic-based 

pavement performance prediction models and highlighted the issues and challenges resulting 

from relying on only mixtures volumetrics. 

 

   



SHAs (NCDOT) mix design data from the HiCAMS database (North Carolina 

Department of Transportation mixtures database) as well as actual measured mixture 

performance data over the past years from the NCSU mixture database, were harvested and 

analyzed. The job mix formulas (JMFs) from the HiCAMS database were compiled and 

compared over a span of 20 years, focusing on changes implemented over the years and their 

effects on volumetrics. The analysis presented in this dissertation investigated how these changes 

have affected asphalt mixture designs with respect to composition and performance. The 

extracted job mix formulas were compared based on their volumetric and constituent 

composition. In addition, the effect of Ndesign on asphalt content and VMA as well as the 

sensitivity of calculated VMA values to the variability in Gsb measurements, was evaluated. The 

performance characteristics of mixtures with the same classifications were compared, focusing 

on showing the challenges when trying to relate the volumetric properties of asphalt mixtures 

with performance indicators. A compelling case that volumetrics-only mix design has limitations 

and a case study showing how the mixtures reported volumetric properties can be deceiving were 

presented and discussed. Different levels of mixture design and performance characteristics 

prediction models were developed utilizing Artificial Neural Network (ANN) modeling 

techniques. Mainly, three different ANN prediction models were developed and presented. The 

first model was a mathematical-based ANN model that has the ability to leverage state DOT mix 

design data to predict the Superpave optimum binder content for given mix properties. A detailed 

framework for the model development was presented as well. The second was a new ANN based 

prediction model for dynamic modulus |E*| from the basic mix design information that included 

the recycled binder content. The third was a series of ANN frameworks and models for 

predicting the cyclic fatigue test analysis results, specifically DR, Sapp C11, and C12. The findings 



presented in this dissertation suggest that SHAs should consider restructuring their mixture 

classification system to be based on mixture performance rather than on volumetric design and 

demonstrate the need for mechanical mixture evaluation. In addition, this dissertation 

demonstrated the potential use of the ANN models for aiding and simplifying the material 

evaluation process while highlighting and assessing the challenges related to their use. 
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CHAPTER 1.  INTRODUCTION  

 

1.1. Background and Problem Statement 

In general, societal, economic, and performance needs force a field to change over time. 

In recent years, the asphalt industry has been affected by many of those factors, such as the 

increase in asphalt binder prices and the societal pressure to recycle post-consumer materials into 

pavements. In addition, there is economic pressure to use lower-cost recycled materials such as 

reclaimed asphalt pavement (RAP), reclaimed asphalt shingles (RAS), and re-refined engine oil 

bottoms (REOB). On top of that, traffic demands, and the number of cars have substantially 

increased.  

Mix design has an important role in the long-term pavement network condition. The 

conditions and the needs surrounding mix design decisions have changed significantly over the 

years. These conditions include cost, tonnage produced, target purpose of the mixes produced 

(wearing mix dominant versus structural mix dominant), need of recycling and the use of 

recycled materials, etc. The needs and conditions that existed when the Marshall asphalt mixture 

design method was conceived are completely different than what exists today. In addition, the 

mixture demands are now very different than the requirements for which Superpave, the 

volumetrics-based method, was developed. Given all the changes, it is no surprise that the State 

highway agencies (SHAs) are trying to modify their mix design procedures in order to yield 

better-performing mixtures.  

It is undeniable that mixture compositional properties ultimately influence pavement 

performance and that these properties are dependent on mix design methodology. The most 

dominant mix design method currently used, the Superpave method, assumes that mixture 

performance can be uniquely tied to volumetric properties and is thus structured around a 
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volumetric based methodology. However, two key questions remain: (1) do mixtures with 

similar volumetric properties have the same pavement performance? and (2) how have State 

highway agencies (SHAs) adjusted their mix design procedures (implicitly or explicitly) from the 

original Superpave or Marshall to solve observed performance issues?   

Similar to evaluating potential mix design improvements, state highway agencies are 

continually implementing new technologies, test methods, and specifications to improve asphalt 

mixtures and pavement performance. Furthermore, a few SHAs have begun the process of 

implementing a cracking test and a rutting test into the mixture design process for what is termed 

a ñbalanced mix designò (BMD) approach. While there are four potential approaches according 

to AASHTO PP 105 for implementing a BMD procedure, most states follow Approach A in 

which each mix design must meet both the volumetric requirements plus the performance test 

criteria.  

The emergent term used to describe the totality of experiments that have been proposed 

for use in BMD is óperformance testsô. This term is somewhat misleading since óperformanceô is 

strictly a pavement related phenomenon, but the argument for the use of the term óperformance 

testsô is that testing asphalt mixtures for some specific property. That property may relate to 

performance under some specific conditions (i.e., pavements are constructed at appropriate 

density or individual lifts/layers are properly bonded together), and in this case, the test provides 

an indication of the likely performance of the pavement constructed with that material. Specimen 

preparation and testing time have limited the frequency of testing used for the purpose of BMD 

or acceptance testing. As a result, most SHAs that currently require performance tests as part of 

their mix design procedures have not used them for acceptance and those that do, are not using 

them for payment determination. In addition to the testing requirements, many of the methods 
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currently used by SHAs cannot be directly integrated into performance prediction models to 

estimate the long-term behaviors of the associated pavements. 

This issue is one where machine learning techniques can make significant contributions, 

given the fact that state highway agencies and some research institutions have collected a 

substantial amount of mix design and mix mechanical performance data over the past decades. If 

this data can be successfully leveraged to develop a reliable predictive algorithm, then the 

resulting models could be used by mixture designers to design balanced mixtures in a more 

practical and less time-consuming way. The models could also be used by SHA personnel for 

rapid verification of submitted mixture designs and for acceptance testing. Those models could 

be used also to flag whether the predicted mechanical performance of a given mix is 

substantially different from some accepted baseline and thus warrants closer attention. Different 

models can be developed for each state based on their mix data since most of the states have 

some sort of database system, in which they store all the mix data. 

Despite the abundant research efforts towards better linking mix design and pavement 

performance over the past few years, several knowledge gaps remain. The ultimate goals of this 

research are to evaluate the most common adjustments made by SHAs (NCDOT in particular) to 

their Superpave volumetric mix design procedures, and to verify the effectiveness of these 

adjustments through historical data. In addition, this research aims to generate performance 

prediction models for mixture characteristics that can be used in mechanistic-based pavement 

performance prediction models.  

1.2. Objectives 

Based on the background information presented and discussed above, this dissertation 

seeks to achieve the following objectives, which will support the ongoing efforts for 

reintegrating the mechanical tests as part of the mix design process:  
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1) Analyze and quantify the effect of mix design procedural changes on the asphalt 

mixture volumetric properties using real SHAs mix design data,  

2) Present the challenges associated with relying on the mixturesô volumetric 

properties only as performance indicators, and  

3) Develop predictive, data-driven based models for mixture design as well as 

mechanical performance properties. 

1.3. Research Approach 

The overall research organization is presented in Figure 1. To meet the objectives of this 

dissertation, mix design data from the HiCAMS database (North Carolina Department of 

Transportation mixtures database) as well as actual measured mixture performance data over the 

past years from the NCSU mixture database, were harvested. The job mix formulas (JMFs) from 

the HiCAMS database were compiled and compared over a span of 20 years, focusing on 

changes implemented over the years and their effects on volumetrics. The performance 

characteristics of mixtures with the same classifications were compared to identify the challenges 

when trying to relate the volumetric properties of asphalt mixtures with performance indicators. 

The current mix design volumetric-based classification system was evaluated through pavement 

performance predictions. Different levels of mixture characteristics prediction models were 

developed utilizing AAN modeling techniques. 
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Figure 1. Overall research organization. 

 

1.4. Dissertation Outline 

This dissertation consists of seven chapters, organized as follows: 

¶ Chapter 1. Introduction : This chapter introduces the research topics and the 

objectives. 
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¶ Chapter 2. Literature Review: This chapter presents a concise review of mix 

design history, ANN use in civil engineering, existing dynamic modulus 

prediction models, and cyclic fatigue test analysis protocols as an effort to 

highlight the research needs and existing knowledge gaps. 

¶ Chapter 3. Evaluation of Asphalt Concrete Job Mix Formula Specification 

Changes: This chapter presents a review of the changes enacted by the North 

Carolina Department of Transportation (NCDOT) between the years 2000 to 2022 

to their JMF specifications. The effect of the recent changes implemented in year 

2018 on the resulting mixtures volumetrics and compositions were evaluated 

visually as well as statistically (Studentôs t-test). In addition, the effect of the bulk 

specific gravity measurement errors on the calculated and reported Voids in 

Mineral Aggregates (VMA) values was assessed and presented. This work was 

part of the FHWA/NC/2020-12 research project. 

¶ Chapter 4. Mechanical Properties and Performance for Mixtures of the 

Same Classification: This chapter presents the differences between mixtures 

from the same classification through the evaluation of three different mixtures 

from the same volumetric classification according to NCDOT QMS manual. The 

mechanical characterization of the mixtures was conducted using the AMPT via 

dynamic modulus testing (AASHTO TP 132), cyclic fatigue testing (AASHTO 

TP 133), and stress sweep rutting testing (AASHTO TP 134). The pavement 

performance predictions were performed utilizing FlexPAVETM for rutting and 

Pavement ME for cracking. The presented work in this chapter has been 

submitted for publication in the Transportation Research Record, Journal of the 
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Transportation Research Board. The author's contribution to the paper as follows: 

study conception and design: M.M. Isied, N. Williams, B. S. Underwood, and Y. 

R. Kim; data collection: M. M. Isied, and A. K. Kuchiishi; analysis and 

interpretation of results: M. M. Isied, N. Williams, N. Saleh, A. K. Kuchiishi, B. 

S. Underwood, and Y. R. Kim; draft manuscript preparation: M. M. Isied, N. 

Williams and N. Saleh. 

¶ Chapter 5. Mechanical Properties and Performance of High Recycled 

Content Mixtures Designed Using Alternative Approaches: This chapter 

presents a case study showing how the current interpretation of the volumetric 

properties of RAP and RAS mixtures is erroneous and can lead to performance 

consequences. In this chapter, mixtures from three different sources were 

evaluated and systematically redesigned to consider the available recycled binder 

to blend and contribute to the mixture's performance. The chapter demonstrates 

how an incorrect assumption of the recycled binder availability in mix design 

significantly affects the inferred asphalt mixture volumetric properties and 

performance. The results show that the volumetric properties and performance 

change considerably as a result of considering recycled binder partial availability. 

The presented work in this chapter has been submitted for publication in the 

Transportation Research Record, Journal of the Transportation Research Board. 

The author's contribution to the paper as follows: study conception and design: 

M.M. Isied, D.M. Mocelin, B.S. Underwood, Y.R. Kim, C. Castorena; data 

collection: M.M. Isied, D.M. Mocelin, J. Preciado, P. Vestena; analysis and 

interpretation of results: M.M. Isied, D.M. Mocelin, C. Castorena; draft 
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manuscript preparation: M.M. Isied, D.M. Mocelin, B.S. Underwood, Y.R. Kim, 

C. Castorena. 

¶ Chapter 6. Artificial Neural Network Model for Superpave Optimum 

Asphalt Content: This chapter introduces and tests a framework for building a 

mathematical-based artificial neural network (ANN) model that leverages a very 

large database of approved mixture design data to predict the Superpave optimum 

binder content for a given set of component properties and gradation target. This 

ANN model is then used to generate a stand-alone equation that can predict the 

Superpave optimum binder content as a function of specific mix properties. A 

total of 245 ANN models were developed to identify the best combination of the 

mixture and material variables. Furthermore, this chapter evaluated the effect of 

input data range on the prediction ability of the developed ANN models. 

¶ Chapter 7. Artificial Neural Network Model for the Prediction of the 

Dynamic Modulus: This chapter presents an artificial neural network (ANN)-

based model that can be utilized to predict the dynamic modulus of asphalt 

mixtures based on the mixture composition. The main difference between the 

newly developed model and the preexisting models is in the use of the RBR 

percent as one of the modeling variables. The model can be used to generate 

Pavement ME dynamic modulus inputs if the composition of the mixture was 

known. This work was part of the FHWA/NC/2020-12 research project. 

¶ Chapter 8. Neural Network Model for Fatigue Performance 

Characterization: This chapter introduces and tests a framework for building a 

mathematical-based artificial neural network (ANN) model that leverages a very 
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large database of mixtures developed by the NCSU research group that can be 

utilized predict the damage characteristic coefficients of asphalt mixtures based 

on the mixture composition. The developed model can be used to generate the 

damage characteristic curve (C vs S) for a mix if its Volumetric composition was 

known. Mixture testing and analysis efforts are credited to Nooralhuda Farid 

Saleh Saleh, Kazuo (Andre) Kuchiishi, Ala' Hudaib, Omar Othman, and Douglas 

Moucelin since the data used for the modeling were collected from them. 

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

summarizes the work making up this dissertation and recommends future work. 
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CHAPTER 2. LITERATURE REVIEW  

 

2.1. Volumetric Effects and Mixture Design 

Engineers have recognized the importance of volumetric composition (e.g., the relative 

volumes of aggregate, asphalt, and air) on asphalt mixture performance for more than a century 

(Richardson 1907). Because of these links, asphalt mix designs have been closely linked to 

indices that include voids in mineral aggregate (VMA), voids filled with asphalt (VFA), dust-to-

binder ratio (now called dust proportion or DP), and others since the 1940ôs (The Asphalt 

Institute 1964). Much of the groundwork for the current implementation of these assessments 

was established in seminal works on effective specific gravity (Martin and Layman 1957), 

maximum specific gravity (Rice 1957), and voids analysis (Mcleod 1956, Campen et al. 1957) 

from the 1950ôs.  

The methods to best achieve desirable mixture volumetrics through specifications vary. 

The Marshall method of mixture design attempted to control these volumetrics by first 

establishing compaction controls, setting total voids limits at those compaction levels, fixing 

thresholds and limits for strength and ductility, and finally checking that sufficient void space 

was filled with asphalt (The Asphalt Institute 1964). Other mix design methods (Hveem and 

Hubbard) used essentially the same process, but varied the precise methods to calculate voids, 

the means of controlling void content, and compaction (McDaniel et al. 2012). Superpave 

mixture design also followed this model except that in the final implementation it eliminated 

verification of the mechanical properties and elected to rely solely on volumetrics (McDaniel et 

al. 2012). Note, a final verification of resistance to moisture damage is done using indirect 

tensile strength in the Superpave mix design method, but this parameter is not used directly to 

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

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

durable material have emerged; 1) tweaking mixture design variables and 2) incorporating 

mechanical testing into the design process (also known as balanced mixture design methods).  

The first method involves adjusting the compaction efforts, target air void contents, 

allowable volumetric thresholds, etc. in ways that increase the amount of asphalt binder in the 

mixture. NCHRP Projects 9-25 and 9-31 focused heavily on the design air void content level as a 

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

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

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

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

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

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

sufficient VFA. Essentially, the study highlighted the difficulty in making changes to a single 

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

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

slight adjustments to the minimum VMA limits of the national Superpave standards (AASHTO 

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

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

enacted. Instead, the researchers conducted a meta-analysis comparing the properties of mixtures 

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

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

implement performance testing during the mixture design process, but often faces practical 
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constraints. For example, the original Superpave mix design procedure included a Level 1 

approach wherein performance testing via the Superpave shear tester was to be part of the design 

process. However, in the end, the final design procedure adopted only volumetric procedures 

because of limitations in the modeling and testing technologies. This timing is important because 

the efficacy of using only volumetrics was proven at a time when mix designers typically used 

only virgin aggregates and binders in their mix designs. The limitations of conventional 

volumetric tests have become more apparent. Cox et al. (Cox et al. 2022) in their meta-analysis 

comparing the properties of mixtures approved in Mississippi, concluded that minor variations in 

the aggregate bulk-specific gravity values will significantly affect the reported VMA values, and 

as a result, more than 90 percent of the study mixtures fail the specified minimum VMA limit. 

There has been a growing recognition that meeting volumetric requirements does not guarantee 

good performance. This growing recognition has coincided with the growth in new materials and 

technologies (i.e., recycled materials, binder modifiers, warm mix asphalt, etc.) within the paving 

industry (West et al. 2018). 

The second method of achieving desirable mixture characteristics involves characterizing 

the mechanical properties of asphalt mixtures during the design process, e.g., BMD or 

Performance Engineered Mix Design (PEMD) methods. Multiple approaches within these broad 

approaches exist. At the simplest level, the Superpave mixture design is supplemented with tests, 

which verify that the rutting and cracking resistance of the volumetric-based design is 

sufficiently high. At the most complex level, volumetrics are practically abandoned and the 

design is only based on rutting and cracking resistance. 

2.2. Artificial Neural Networks   

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

that are able to perform parallel computations through their simple processing units (artificial 
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neurons) and are known for their strong pattern recognition abilities (McCord-Nelson and 

Illingworth 1991, Schalkoff 1997). 

Adeli (2001) reported that the first use of ANN to solve civil engineering problems 

appeared in an article published in 1989 and reviewed several research studies that utilized ANN 

models. Most reviewed studies were related to construction management and structural 

engineering, but the paper included water resources, traffic, highway, water resources, and 

geotechnical engineering topics. It was pointed out that the simple backpropagation algorithm 

was the base of most engineering applications.  

Statistical methods and machine learning techniques were compared by Karlaftis and 

Vlahogianni (Karlaftis and Vlahogianni 2011) for the field of transportation engineering. In their 

paper, it was discussed that the two primary tools utilized for data analysis in transportation 

engineering were machine learning and statistical analysis. It was concluded that the statistical 

approach is better when: (1) the problem can be solved using an available statistical method, (2) 

there is a known functional relationship between the evaluated experimental factors, and (3) the 

statistical properties of the developed model should be quantified. On the other, the ANN 

approach is better when: (1) good predictions are the ultimate goal of the research, (2) the 

function generating the data is unknown or hard to define, (3) an ideal statistical model is hard to 

be applied to the data, and (4) a reliable predictive model cannot be produced utilizing traditional 

mathematical methods.  

The smallest and simplest ANN is formed from three layers: an input layer, an output 

layer, and a single hidden layer between them. Several neurons will be included in each layer, 

that with the number of hidden layers, will determine the networkôs complexity and ability in 

deep learning (Xiao 2006). In this structure, no processing happens inside the input layer 
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neurons, and they are simply connection joints. On the other hand, the hidden and output layer 

neurons are constructed from two main parts. The first part is the activation function, which is 

simply a summation function passing a single value resulting from the weighted inputs to the 

second part, a transfer function (signal) responsible for the wave signal flow inside the network.     

Empirical and mechanistic-empirical (M-E) methods are considered the two main 

approaches for asphalt mixtures' mechanical properties evaluation. Empirical observations of 

pavements and materials are the base of the empirical methods, and in general, those methods 

will not consider any failure criteria or fundamental engineering properties. The mechanistic-

empirical methods were presented as an advancement to the empirical methods since they 

partially consider some fundamental materials properties such as stiffness. However, one of the 

biggest challenges that face those methods are the need for expensive and very sophisticated as 

well as time-consuming laboratory testing, which makes the use of such methods for pavement 

routine design impractical (Mirzaiyanrajeh 2021).  

With all the recent development towards the BMD/PEMD, there is a need to find a 

practical tool, that includes indirect evaluation for the mechanistic properties of the mixtures 

without the need for extensive testing. Artificial neural networks are one of the fastest-growing 

artificial intelligence (AI) techniques that lead the development of most industries (Schalkoff 

1997, Zhang et al. 1998, Moayedi et al. 2020) and are considered an effective tool for replacing 

complicated calculations or regression models. As one of the most promising data-driven 

techniques, ANN has proven to have achieved a degree of success and reliability in numerous 

academic subjects and projects (Zhu et al. 2017, Khan and Yairi 2018, Srikanth and 

Arockiasamy 2020, Hou et al. 2021). 
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2.3. Dynamic Modulus Prediction Models  

Over the past sixty years, there has been a significant amount of research for developing 

different prediction models for dynamic modulus values in an effort to overcome the 

complicated and time-consuming lab tests needed to determine this critical value for 

characterizing asphalt mixtures. However, each of the developed models comes with its set of 

limitations. Some of the most commonly used models are Witcak models based on binder 

viscosity and dynamic shear modulus |G* |, the modified Hirsch model, and Al-Khateeb et al. 

models that were simplified versions of the modified Hirsch model.  

The Witczak viscosity-based equation was initially developed by Witczak and his 

colleagues through the modification of Shook and Kallas (Shook and Kallas 1969) model. It 

utilized an extensive database that contained hundreds of dynamic modulus measurements. The 

full research effort to establish the predictive model conducted prior to 1989 was summarized by 

Witczak and Fonseca (Witczak and Fonseca 1996). Between 1995 and 1996, Witczak-Fonseca 

further refined the model using 1429 test data points from either unaged or short-term oven-aged 

lab-mixed asphalt mixtures utilizing conventional binders only (Ceylan et al. 2009a) further 

revision to that model was conducted by Witczak utilizing an expanded database encompassing 

2750 test data points resulting from 205 unaged or short-term oven-aged lab mixed asphalt 

mixtures, 34 of which included polymer-modified binders. This database was known as the 

UMD |E*| database, and the revision resulted in the original version of the |E*| prediction model 

that was included in the earlier versions of the AASHTO Pavement ME Design and is given in 

Equation (2.1) (Bari et al. 2006). 

The statistical summary of the equation as provided by the Guide for Mechanistic-

Empirical Design (NCHRP 1-37A) is as follows:  

R2= 0.96 
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Se/Sy= 0.24 

Number of Data Points= 2750 

Temperature Range=0 to 130°F 

Loading Rates= 0.1 to 25 Hz 

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

 
* 2

200 200 4

2

4 38 38 34

( 0.603313 0.313351log( ) 0.393532log( ))

log | | 3.750063 0.02932 0.001767( ) 0.002841 0.058097

3.871977 0.0021 0.003958 0.000017( ) 0.005470
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where; 

|E*| = dynamic modulus in psi,  

h = bitumen viscosity in 106 Poise, 

f = loading frequency in Hz, 

Va = percent air void content,   

Vbeff = percent effective bitumen content,  

r34 = cumulative percent retained on the ¾ in sieve,  

r38 = cumulative percent retained on the 3/8 in sieve, 

r4 = cumulative percent retained on the No. 4 sieve, and 

r200 = percent passing the No. 200 sieve. 

 

The modified Hirsch model for estimating asphalt concrete complex modulus and the 

phase angle under shear and compression was developed by Christensen et al. (2003). Four 

alternative formulations for the modified Hirsch model were presented (Ceylan et al. 2008). 

Series formulation, parallel formulation, dispersed formulation,  and alternate formulation. It was 

concluded that the accuracy of the three versions was not good enough compared to the fourth 

formulation. The fourth formulation was a generalization of the parallel and series formulations 

and was the most accurate for their study data. In addition, this formulation produced the best 

results and was the simplest and the closest to the original Hirsch model compared to the other 

formulations. The common factors between the first three formulations were the use of the so-

called aggregate contact volume as well as the use of the mastic phase of the asphalt instead of 

the use of the asphalt binder phase alone. However, the fourth formulation was more 

straightforward since it treated the asphalt concrete as a three-phase system of voids, binder, and 
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aggregate (Al -Khateeb et al. 2006). Christensen and Bonaquist (2015) developed and presented 

an improved version of the modified Hirsch model. The model was improved by the 

simplification of the Hirsch equation mathematically, considering the aggregate specific gravity 

and the strain level as predictors, and the model recalibration using a test dataset that was 

conducted following the asphalt mixture performance tester standards. The authors concluded 

that the improved model managed to eliminate and reduce the tendency of the original model to 

underestimate the predicted dynamic modulus values.  

Al -Khateeb et al. (2006) utili zed the Federal Highway Administration (FHWA) 

Accelerated Loading Facility (ALF) mixtures database for modifying and further simplifying the 

Hirsch model. The study presented a simple dynamic modulus prediction model that only 

requires the binder shear modulus and the void in mineral aggregate as inputs. The study 

concluded that the model provided good predictions for the ALF mixtures and had an acceptable 

standard error. 

Singh et al. (2012) developed a regression-based |E* | prediction model for asphalt 

mixtures that considers the aggregate shape parameters: form, angularity, and texture. The model 

performance was compared to the Witczak model, in which aggregate shape factors were not 

considered as part of the modeling inputs. The study concluded that the mean average relative 

error for the Witczak model was significantly higher than the developed model error. In addition, 

it was pointed out that the dynamic modulus increased with the increase in aggregate angularity 

and texture and that including the aggregate shape parameters enhanced the model prediction 

ability.  

The use of the artificial neural network modeling techniques during the development of 

the Mechanistic-empirical Pavement Design Guide (MEPDG) (NCHRP 2004), demonstrated the 
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possibility and enhanced its use for the pavement systems predictions. Few researchers have 

attempted to predict the mixtures |E* | through the use of ANN modeling techniques (Ceylan et al. 

2008, 2009b, Sakhaeifar et al. 2009, 2010, Rahman and Tarefder 2017, Kaya et al. 2018, Liu et 

al. 2018, Moussa and Owais 2021, Barugahare et al. 2022). The developed models varied in 

utilized layer and network architectures, the number of hidden neurons within each layer, the 

activation and transfer functions, the input and output factors, the training methodology, the 

training and network overfitting avoidance algorithms, and the training and validation datasets. 

The developed ANN models generally had higher accuracy and lower bias compared to the 

known regression-based prediction models. However, poor generalization performance, network 

overfitting issues, and poor extrapolation abilities are some of the challenges faced by those 

models.  

Ceylan et al. (2008, 2009) developed a series of ANN-based methods to predict |E* | by 

applying different ANN modeling techniques and compared their prediction ability to the 

regression prediction models in the literature. It was concluded that the ANN base models were 

better than regression-based models with better sensitivity to test frequency and temperatures.  

ANNACAP is an artificial neural network (ANN)-based software that can be utilized to 

predict the dynamic modulus of asphalt mixtures based on the mixture composition. It was 

initially developed by the research team at North Carolina State University (NCSU) for 

computing the dynamic modulus parameter in the Long Term Pavement Performance (LTPP) 

database (Kim, Underwood, et al. 2011). For the model development, seven datasets coming 

from five different databases were utilized. The databases were Witczak, FHWA Mobile Trailer 

I (FHWA I), FHWA Mobile Trailer II (FHWA II), North Carolina Department of Transportation 

(NCDOT) I, NCDOT II, Western Research Institute (WRI), and Citgo. Of these mixtures, the 
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vast majority contained no RAP, and those that did were all below 20%. For the NCDOT I and 

NCDOT II databases, the RAP contents were between 0% and 15%. The model had an average 

R2 of approximately 0.91 and Se/Sy of approximately 0.31.  

ANN models have an advantage over regression methods, like Witczakôs model, because 

in that they do not require prior knowledge of the predictive functional form. In addition, the 

ANN technique has the ability to capture complicated nonlinear relationships between the many 

factors affecting dynamic modulus values. The disadvantage is that when the combination of 

input factors exceeds the ranges used in calibration, the model may yield large errors in the 

predicted modulus. 

2.4. Cyclic Fatigue Test  

One of the most essential characteristics of asphalt mixtures is fatigue resistance. Many 

approaches were proposed to characterize this property, one of which is the simplified 

viscoelastic continuum damage (S-VECD) model. The strength of this model comes from the 

fact that it was founded on mechanistic theories that allow engineers to incorporate material 

properties directly into pavement structural analysis and long-term performance predictions. The 

S-VECD model is described in detail in (Underwood et al. 2012). 

The primary outcome of the S-VECD model is the damage characteristics curve (C vs S). 

The curve establishes the relationship between the damage developed within a specimen, S, to C, 

which is pseudo stiffness. The importance of C comes from the fact that it quantifies the 

relationship between stress, ů, and pseudo strain, ŮR, and starts from 1. C of 1 represents the 

intact state of the material that will reduce due to fatigue loading. The mechanical responses of 

any asphalt material under different loading histories can be predicted once the C vs S 

relationship for that material is developed (Wang and Kim 2017). The pseudo stiffness (C) and 

damage (S) are fitted to analytical forms for obtaining the damage characteristic curves for each 
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mixture, as shown in Equation (2.2), which can then be used for predicting fatigue performance 

(Kim, Underwood, et al. 2011). 

12

111 CC C S- =         (2.2) 

 

DR, the quantitative failure criterion, is the average reduction in pseudo stiffness up to 

failure. The derivation of this criterion can be found in (Wang and Kim 2017) and is defined as 

the slope of cumulative (1-C) and the number of cycles to failure, Nf. D
R can be calculated 

utilizing Equation (2.3). 
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Sapp, the cyclic fatigue index parameter, has the ability to consider both modulus and 

toughness in its calculation. Those are the two primary factors that describe the pavement's 

ability to absorb energy without fracturing (Wang et al. 2020). Sapp was developed for situations 

where engineers do not need detailed structural analysis to make effective decisions, and instead, 

merely require an index parameter that relates to the fatigue characteristics of the asphalt 

mixtures. Sapp can be calculated as shown in Equation (2.4), and the complete derivation 

alongside the recommended Sapp range values for different traffic thresholds can be found in 

(Wang et al. 2020). 
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In order to successfully characterize the S-VECD model, the cyclic fatigue test according 

to AASHTO TP 133 should be conducted. This test is time consuming, and for it to be 

performed successfully, it requires skilled technicians. That prevents using a robust model like 
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the S-VECD in the balanced mix design or the quality control process for produced asphalt 

mixtures where many tests are required promptly. 

2.5. Knowledge Gaps and Applications 

Identifying the appropriate proportions of aggregate, asphalt binder, reclaimed/recycled 

materials, and other additives and admixtures in asphalt mixtures is a crucial step to delivering 

long-lasting and durable asphalt pavements. In North Carolina, this process is carried out using 

volumetric design principles in combination with gyratory compaction and moisture sensitivity 

assessment. Within these basic elements, there are many potential ways for engineers to control 

the composition and therefore performance of asphalt mixtures. For example, the design 

compaction level can be adjusted, which would increase or decrease the final design asphalt 

content. However, these changes are not straightforward since many of the variables are 

interactive. For example, if the design compaction effort decreases, it will take more asphalt 

binder to achieve the design density; thus, it is possible that this change would lead to mixtures 

with greater asphalt contents. However, this increase is only guaranteed if all other factors 

remain the same. If a mixture designer elects to achieve the greater compactability requirement 

by adjusting gradation or asphalt source, it is also possible that changes in compaction effort 

could decrease the selected asphalt content. 

A substantial amount of research has been performed to best identify the methods to 

combine asphalt binder with aggregate and create a durable asphalt mixture. To understand and 

know the mixture design factors that need to be examined most closely after mixture design 

changes are made requires an understanding of the following; 

¶ how volumetric factors affect the durability of asphalt mixtures,  

¶ how asphalt mixtures are currently designed,  

¶ efforts to adjust these designs using balanced mixture design approaches, and 
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¶ the changes in the design process that the State Highway Agencies (SHAs) has 

implemented over the years. 

The literature clearly shows that the volumetric composition of asphalt concrete mixtures 

has a substantial effect on the resultant durability of these mixtures and therefore asphalt 

pavements. It also shows that while these effects are understood in a general sense, means of 

completely controlling the volumetrics through mixture design specifications are lacking. 

Engineers have adopted two methods to overcome this limitation; 1) mixture design tweaking 

and 2) balanced mix design (BMD). Of the two, BMD approaches have the benefit that the 

properties of the mixture are directly evaluated and if using the simplest approach still retain the 

engineering experience that is embedded in the limits to VMA, VFA, and air void content. The 

benefits of the first approach are that additional testing and the associated burdens of laboratory 

verification, proficiency, sampling, etc. do not exist. The challenge in approach one is ensuring 

that expected changes in volumetric properties actually occur and that the desired compositional 

changes and requisite increases in material durability are achieved. This challenge represents a 

substantial knowledge gap and although research like that in NCHRP Projects 9-25 and 9-31 

have identified general guidelines, the review was unable to identify published literature that 

examines how volumetric changes manifest after an agency implements design procedure 

changes. In addition, the literature shows the need and the ability of even simple ML methods 

like ANN models that could be used by mixture designers to design balanced mixtures in a more 

practical and less time-consuming way, and by the department of transportation of different 

states to flag whether a given mix predicted performance is substantially different from historical 

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

SPECIFICATION CHANGES  

 

Identifying the appropriate proportions of aggregate, asphalt binder, reclaimed/recycled 

materials, and other additives and admixtures in asphalt mixtures is a crucial step to delivering 

long-lasting and durable asphalt pavements. In North Carolina, this process is carried out using 

volumetric design principles in combination with gyratory compaction and moisture sensitivity 

assessment. Within these basic elements, there are many potential ways for engineers to control 

the composition and therefore performance of asphalt mixtures. 

In this chapter, NCDOT mix design data from the HiCAMS database (North Carolina 

Department of Transportation mixtures database) were harvested and analyzed. The job mix 

formulas (JMFs) from the HiCAMS database were compiled and compared over a span of 20 

years, focusing on changes implemented over the years and their effects on volumetrics. The 

analysis presented in this chapter investigated how these changes have affected asphalt mixture 

designs with respect to composition and highlighted the limitations of the volumetric-only mix 

design.  

3.1. Changes to the JMF Specifications 

The JMF specifications for the North Carolina Department of Transportation (NCDOT) 

were reviewed to identify any major changes introduced by the DOT between the years 2000 and 

2022. Specifically, the Quality Management System (QMS) for Asphalt Pavements manuals for 

the years 2000, 2001, 2008, 2009, 2010, 2011, 2012, 2013, 2014, 2015, 2016, 2017, 2018, and 

2022 were reviewed. It was found that three main changes were enacted by the NCDOT over the 

past 20 years, with the most prominent change being in 2018.  
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Tables 1 and 2 show the mix design requirements for the years 2000 to 2009 and 2010 to 

2014 JMF specifications, respectively. The key changes between these two requirements include 

the changes to compaction levels, minimum VMA, and the VFA range. No changes were made 

to the traffic levels or the binder grade selection for each mix classification. The compaction 

levels were changed for the surface mixtures S9.5B, S9.5C, and S9.5D from (75, 100, 125) to 

(65, 75, 100), respectively. In addition, the minimum VMA limits for those mix classifications 

were changed from 15 to 15.5 with a slight modification to the VFA limit. Lowering the 

compaction limits and increasing the minimum VMA limit is an effort to increase the binder 

content for the designed mixtures. In later sections of this chapter, the effect of this change on 

the resultant binder contents and VMA values of the produced mixtures between the years 2000 

and 2014 will be presented and contrasted visually. It is worth noting that the only difference 

between Tables 2 and 3 (years 2014 and 2017 JMF specifications) is the S4.75A surface mix. 

The S4.75A mix was removed from 2012, 2013, and 2014 JMF specifications only to appear 

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

Mix 

Type  

 20-Year 

ESALs, 

millions  

 

Binder 

PG 

Grade  

 

Compaction 
 Volumetric Properties  

 

 Gmm @   VMA   VTM   VFA   %Gmm 

@ Nini  

Max. Rut 

Depth (mm)  Nini   Ndes   % Min.   %   Min.-Max.  

S4.75A   < 0.3  64-22  6 50 20.0 7.0-15.0 - - - 

SF9.5A  < 0.3  64-22  6 50 16.0 3.0-5.0 70-80 Җ 91.5 11.5 

 S9.5B  0.3 - 3  64-22  7 75 15.0 3.0-5.0 65-80 Җ 90.0 9.5 

 S9.5C  3 - 30  70-22  8 100 15.0 3.0-5.0 65-76 Җ 90.0 6.5 

 S9.5D  > 30  76-22  9 125 15.0 3.0-5.0 65-76 Җ 90.0 4.5 

 S12.5C  3 - 30  70-22  8 100 14.0 3.0-5.0 65-75 Җ 90.0 6.5 

S12.5D  > 30  76-22  9 125 14.0 3.0-5.0 65-75 Җ 90.0 4.5 

 I19.0B  < 3 64-22  7 75 13.0 3.0-5.0 65-78 Җ 90.5 - 

 I19.0C  3 - 30  64-22  8 100 13.0 3.0-5.0 65-75 Җ 90.0 - 

 I19.0D  > 30  70-22  9 125 13.0 3.0-5.0 65-75 Җ 90.0 - 

B25.0B  < 3  64-22  7 75 12.0 3.0-5.0 65-78 Җ 90.5 - 

B25.0C  > 3  64-22  8 100 12.0 3.0-5.0 65-75 Җ 90.0 - 

B37.5C  > 3  64-22  8 100 11.0 3.0-5.0 65-75 Җ 90.0 - 

All Mix 

Types 

Dust to Binder Ratio (P0.075/Pbe) 0.6 - 1.4 

85% Min. (80% Min. for S4.75A, B25.0, and B37.5) Tensile Strength Ratio (TSR) 

 

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

Mix 

Type  

 20-Year 

ESALs, 

millions  

 

Binder 

PG 

Grade  

 

Compaction 
 Volumetric Properties  

 

 Gmm @   VMA   VTM   VFA   %Gmm 

@ Nini  

Max. Rut 

Depth (mm)  Nini   Ndes   % Min.   %   Min.-Max.  

S4.75A   < 0.3  64-22  6 50 20.0 7.0-15.0 - - - 

SF9.5A  < 0.3  64-22  6 50 16.0 3.0-5.0 70-80 Җ 91.5 11.5 

 S9.5B  0.3 - 3  64-22  7 65 15.5 3.0-5.0 65-80 Җ 90.5 9.5 

 S9.5C  3 - 30  70-22  7 75 15.5 3.0-5.0 65-76 Җ 90.5 6.5 

 S9.5D  > 30  76-22  8 100 15.5 3.0-5.0 65-76 Җ 90.0 4.5 

 S12.5C  3 - 30  70-22  7 75 14.5 3.0-5.0 65-75 Җ 90.5 6.5 

S12.5D  > 30  76-22  8 100 14.5 3.0-5.0 65-75 Җ 90.0 4.5 

 I19.0B  < 3 64-22  7 65 13.5 3.0-5.0 65-78 Җ 90.5 - 

 I19.0C  3 - 30  64-22  7 75 13.5 3.0-5.0 65-75 Җ 90.0 - 

 I19.0D  > 30  70-22  8 100 13.5 3.0-5.0 65-75 Җ 90.0 - 

B25.0B  < 3  64-22  7 65 12.5 3.0-5.0 65-78 Җ 90.5 - 

B25.0C  > 3  64-22  7 75 12.5 3.0-5.0 65-75 Җ 90.0 - 

All Mix 

Types 

Dust to Binder Ratio (P0.075/Pbe) 0.6 - 1.4 

85% Min. (80% Min. for S4.75A, B25.0, and B37.5) Tensile Strength Ratio (TSR) 
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Tables 3 and 4 show the previous (2015 to 2017) and the current (2018 to 2022) NCDOT 

asphalt mixture design tables, respectively. Key changes include the elimination of the SF9.5A, 

S12.5C, S12.5D, I19.0B, I19.0D, and B25.0B mixtures. Other changes are highlighted in bold in 

Table 4 and include; changes to compaction levels, minimum VMA, the VFA range in S9.5B, 

the use of PG 64-22 instead of PG 70-22 for S9.5C, and the specification of I19.0C and B25.0C 

for all intermediate layer mixtures and all asphalt base mixtures, respectively. Though not shown 

here, no changes were made to the aggregate consensus property requirements, and the recycled 

content guidance was modified to reflect the RBR% (recycled binder replacement) instead of 

RAP (reclaimed asphalt pavement) and RAS (recycled asphalt shingles) content. It is important 

to notice that the current surface ñCò mixtures have the same specification as the pre-2018 ñBò 

mixtures, but owing to the new traffic classification are now allowed on roadways with higher 

cumulative ESALs. Also, the same applies to the new surface ñBò mixtures that have the same 

specification as the pre-2018 ñAò mixtures. In addition, the pre-2018 surface 65-gyration design 

(S9.5B/RS9.5B) mixture required Asphalt Pavement Analyzer (APA) rutting less than 9.5 mm, 

while the post-2018 surface 65-gyration design (S9.5C/RS9.5C) mixture required APA rutting 

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

Mix 

Type  

 20-Year 

ESALs, 

millions  

 

Binder 

PG 

Grade  

 

Compaction 
 Volumetric Properties  

 

 Gmm @   VMA   VTM   VFA   %Gmm 

@ Nini  

Max. Rut 

Depth (mm)  Nini   Ndes   % Min.   %   Min.-Max.  

S4.75A   < 1  64-22  6 50 16.0 4.0-6.0 65-80 Җ 91.5 11.5 

SF9.5A  < 0.3  64-22  6 50 16.0 3.0-5.0 70-80 Җ 91.5 11.5 

 S9.5B  0.3 - 3  64-22  7 65 15.5 3.0-5.0 65-80 Җ 90.5 9.5 

 S9.5C  3 - 30  70-22  7 75 15.5 3.0-5.0 65-78 Җ 90.5 6.5 

 S9.5D  > 30  76-22  8 100 15.5 3.0-5.0 65-78 Җ 90.0 4.5 

 S12.5C  3 - 30  70-22  7 75 14.5 3.0-5.0 65-78 Җ 90.5 6.5 

S12.5D  > 30  76-22  8 100 14.5 3.0-5.0 65-78 Җ 90.0 4.5 

 I19.0B  < 3 64-22  7 65 13.5 3.0-5.0 65-78 Җ 90.5 - 

I19.0C  3 - 30  64-22  7 75 13.5 3.0-5.0 65-78 Җ 90.0 - 

 I19.0D  > 30  70-22  8 100 13.5 3.0-5.0 65-78 Җ 90.0 - 

 25.0B  < 3  64-22  7 65 12.5 3.0-5.0 65-78 Җ 90.5 - 

B25.0C  > 3  64-22  7 75 12.5 3.0-5.0 65-78 Җ 90.0 - 

All Mix 

Types 

Dust to Binder Ratio (P0.075/Pbe) 0.6 - 1.4 (1.0 ï 2.0 for S9.5A) 

85% Min. (80% Min. for S4.75A and B25.0) Tensile Strength Ratio (TSR) 

 

 

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

Mix 

Type  

 20-Year 

ESALs, 

millions  

 Binder 

PG 

Grade  

 

Compaction 
 Volumetric Properties  

 

 Gmm @   VMA   VTM   VFA   %Gmm 

@ Nini  

Max. Rut  

Depth (mm)  Nini   Ndes   % Min.   %   Min.-Max.  

S4.75A  < 1  64-22  6 50 16.0 4.0-6.0 65-80 Җ 91.5 11.5 

 S9.5B  0 - 3  64-22 6 50 16.0 3.0-5.0 70-80 Җ 91.5 9.5 

 S9.5C  3 - 30  64-22 7 65 15.5 3.0-5.0 65-78 Җ 90.5 6.5 

 S9.5D  > 30  76-22  8 100 15.5 3.0-5.0 65-78 Җ 90.0 4.5 

 I19.0C  ALL  64-22  7 75 13.5 3.0-5.0 65-78 Җ 90.5 - 

B25.0C  ALL  64-22  7 75 12.5 3.0-5.0 65-78 Җ 90.5 - 

All Mix 

Types 

Dust to Binder Ratio (P0.075/Pbe) 0.6 - 1.4 (1.0 ï 2.0 for S9.5A) 

Tensile Strength Ratio (TSR) 85% Min. (80% Min. for S4.75A and B25.0) 
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3.2. Methodology 

3.2.1 Overview 

The overall approach taken for the analysis conducted in this chapter is outlined in Figure 

2. The process started by extracting the Job Mix Formula (JMF) data from the Highway 

Construction and Materials System (HiCAMS). The main focus of the analysis was on the most 

recent change since it was the most significant, therefore; the Years 2014 to 2020 extracted JMFs 

were first classified under three main categories; mixes designed and used before the 2018 

change, mixes designed before 2018 but reclassified within the 2018 naming system, and mixes 

designed after 2018. Mixes designed prior to 2018 were then mapped against their equivalent 

mixes from the 2018 mix design change. Next, the JMFs were grouped according to region 

(Coastal, Piedmont, and Mountains) and NCDOT Division (1-14). Comparisons of the 

volumetric compositions were first carried between each mixture type (RS9.5B, RS9.5C, etc.) 

within each category (pre-2018, reclassified, or post-2018), and across each region. More 

specific analyses involving comparisons within single mixture suppliers (so-called pair-wise 

analysis) were also carried out. In all cases, visual as well as statistical comparisons for mixture 

composition were performed and summarized to draw conclusions for this chapter. In addition to 

that main study, a side study was conducted, under which the sensitivity of VMA calculated and 

reported values to the change in the measured aggregate bulk specific gravity (Gsb) values as well 

as the effect of Ndes on the total asphalt contents of the mixtures was visually evaluated over the 

span of twenty years. 
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Figure 2. Comparison and classification methodology outline. 

3.2.2 Job Mix Formula Selection and Data Filtering 

The data used for the main study included all of the job mix formulas (JMFs) related to 

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

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

from 23 different JMF types, as shown in Table 5. The extracted data were categorized under one 

of three categories as follows:  

1) Before 2018 change: this category included all the JMFs that were present in 

years 2014 through 2017 and were never reclassified to a 2018 JMF. It 

represented 34.4% of the study data. 
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2) Reclassified: included all the reclassified JMFs from the years 2018 through 2020. 

These mixture designs were based on JMFs from years 2002 to 2017. This 

category represented 45.4% of the study data. 

3) After 2018 change: this category included the new and never reclassified JMFs as 

present in years 2018 through 2020. It represented 20.2% of the study data. 

Table 5. Job mix formula categories and year distribution. 

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

Before 2018 Change Reclassified After 2018 Change Total 

14 547 (11.7) 0 (0.00) 0 (0.00) 547 (11.7) 

15 395 (8.5) 0 (0.00) 0 (0.00) 395 (8.5) 

16 312 (6.7) 0 (0.00) 0 (0.00) 312 (6.7) 

17 352 (7.5) 0 (0.00) 0 (0.00) 352 (7.5) 

18 0 (0.00) 2113 (45.3) 513 (11.0) 2626 (56.2) 

19 0 (0.00) 7 (0.1) 314 (6.7) 321 (6.9) 

20 0 (0.00) 0 (0.00) 117 (2.5) 117 (2.5) 

Total 1606 (34.4) 2120 (45.4) 944 (20.2) 4670 (100.0) 

 

It is important to note that the numbers shown in Table 5 were determined after 

conducting a filtering and cleaning process. The reclassified mixes in 2018 data were identified 

using the comment field. Then, the data was filtered based on the asphalt mix design (AMD) 

numbers. If the JMFs from the same AMD number were similar, one of them was kept and the 

other discarded. If they were different, then both were kept in the dataset. This approach helped 

reduce the bias from having the same compositional values under different JMF numbers. An 

example of this case is shown in Table 6. AMD number 14-0004 was utilized for JMF 14-0004-

151 and 14-0004-251 and both of them were identical. In this case, only one was kept in the 

database. As for AMD number 14-0002, it was utilized to produce 14-0002-131 and 14-0002-

132 JMFs, which have different asphalt content in the RAP stockpile. As a result, both of these 

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

JMF AC from 

RAP % 

AC in 

RAP % 

Addl. 

Binder %  

AMD 

Number 

RAP 

% 

Total 

AC % 

14-0002-131 1.2 5.5 4.6 14-0002 21 5.8 

14-0002-132 0.9 4.5 4.9 14-0002 21 5.8 

14-0004-151 1.1 4.5 3.2 14-0004 25 4.3 

14-0004-251 1.1 4.5 3.2 14-0004 25 4.3 

 

In addition to the primary study data, the side study dataset of the effect of Gsb on VMA 

and the impact of Ndesgin on the asphalt content included the JMFs from the years 2001 to 2021, 

as shown in Table 7. A total of 6440 JMFs were utilized for this study, with the majority of the 

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

Only 3.09% of the data were RS9.5D mixtures.  

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

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

RS9.5A RS9.5B RS9.5B(2018) RS9.5C RS9.5D Total 

2001 18 (0.28) 17 (0.26) 0 (0.00) 19 (0.30) 0 (0.00) 54 (0.84) 

2002 101 (1.57) 83 (1.29) 0 (0.00) 52 (0.81) 0 (0.00) 236 (3.66) 

2003 144 (2.24) 104 (1.61) 0 (0.00) 94 (1.46) 0 (0.00) 342 (5.31) 

2004 67 (1.04) 61 (0.95) 0 (0.00) 53 (0.82) 0 (0.00) 181 (2.81) 

2005 58 (0.90) 58 (0.90) 0 (0.00) 53 (0.82) 0 (0.00) 169 (2.62) 

2006 63 (0.98) 77 (1.20) 0 (0.00) 42 (0.65) 0 (0.00) 182 (2.83) 

2007 76 (1.18) 92 (1.43) 0 (0.00) 55 (0.85) 0 (0.00) 223 (3.46) 

2008 47 (0.73) 52 (0.81) 0 (0.00) 47 (0.73) 0 (0.00) 146 (2.27) 

2009 86 (1.34) 41 (0.64) 0 (0.00) 64 (0.99) 8 (0.12) 199 (3.09) 

2010 25 (0.39) 143 (2.22) 0 (0.00) 162 (2.52) 20 (0.31) 350 (5.43) 

2011 98 (1.52) 174 (2.70) 0 (0.00) 129 (2.00) 22 (0.34) 423 (6.57) 

2012 255 (3.96) 261 (4.05) 0 (0.00) 181 (2.81) 11 (0.17) 708 (10.99) 

2013 151 (2.34) 169 (2.62) 0 (0.00) 135 (2.10) 6 (0.09) 461 (7.16) 

2014 105 (1.63) 143 (2.22) 0 (0.00) 100 (1.55) 7 (0.11) 355 (5.51) 

2015 86 (1.34) 91 (1.41) 0 (0.00) 57 (0.89) 6 (0.09) 240 (3.73) 

2016 53 (0.82) 60 (0.93) 0 (0.00) 46 (0.71) 9 (0.14) 168 (2.61) 

2017 65 (1.01) 82 (1.27) 0 (0.00) 71 (1.10) 5 (0.08) 223 (3.46) 

2018 0 (0.00) 3 (0.05) 587 (9.11) 705 (10.95) 11 (0.17) 1306 (20.28) 

2019 0 (0.00) 0 (0.00) 63 (0.98) 79 (1.23) 19 (0.30) 161 (2.50) 

2020 0 (0.00) 1 (0.02) 73 (1.13) 83 (1.29) 69 (1.07) 226 (3.51) 

2021 0 (0.00) 1 (0.02) 39 (0.61) 41 (0.64) 6 (0.09) 87 (1.35) 

Total 
1498 

(23.26) 

1713 

(26.60) 

762      

(11.83) 

2268 

(35.22) 

199 

(3.09) 

6440 

(100.00) 
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3.2.3 Mapping old JMF Mix Types 

In the 2018 NCDOT QMS manual, base and intermediate layers mix types were 

consolidated into two designations, I19.0C/RI19.0C and B25.0C/RB25.0C. Mix types 

SF9.5A/RS9.5A and all 12.5 mm nominal maximum aggregate size mixes were eliminated. Mix 

S9.5B/RS9.5B had different compaction levels, traffic levels, minimum VMA, and VFA range 

compared to the S9.5B/RS9.5B mixes in previous years. As a result, and in order to conduct a 

successful comparison, there was a need to remap the old JMF types to their equivalent new 

types as introduced by the 2018 QMS manual. The mix type as defined under the 2018 

reclassified JMF was compared to its previous type as presented in its equivalent year data. In 

other words, a 2018 reclassified S9.5B JMF was found to be equivalent to the S9.5A 2014 JMF.  

Table 8 presents the reclassification process for the 2014 through 2017 mixes that serve 

as 2018 mixes under the new specifications. As shown in the table, the base and intermediate 

layer ñB mixesò were reclassified to a 2018 ñC mixò. All of the pre-2018 surface ñA mixesò 

were reclassified to serve as new ñB mixesò while all the pre-2018 surface ñB mixesò were 

reclassified to new ñC mixesò. It is worth mentioning that the new B mixtures have the same 

specification as the pre-2018 A mixtures, but are now allowed on roadways with higher 

cumulative ESALs. The pre-2018 ñA mixò was considered for traffic levels less than 0.3 million 

ESALs while the new ñB mixò is considered for traffic levels between 0 and 3 million ESALs. 
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Table 8. Old vs new mix types as presented under the reclassification process. 

Pre-2018 Mix 

Type 

 Mix Type-2018 

B25.0C I19.0C RB25.0C RI19.0C 
S9.5B 

(2018) 

RS9.5B 

(2018) 
S9.5C RS9.5C Total 

B25.0B 6 0 0 0 0 0 0 0 6 

RB25.0B 0 0 166 1 0 0 0 1 168 

I19.0B 0 12 0 0 0 0 0 0 12 

RI19.0B 0 0 0 204 0 0 0 0 204 

SF9.5A 0 0 0 0 10 0 0 0 10 

RSF9.5A 0 0 0 0 1 205 0 0 206 

S9.5B 0 0 0 0 0 0 9 0 9 

RS9.5B 0 0 0 0 0 0 0 247 247 

Total 6 12 166 205 11 205 9 248 862 

 

The final counts per mix type for the main study data is shown in Table 9. This table 

shows 15 different mix types. It is interesting to note that the removed RI19.0D, RS12.5C, and 

RS12.5D from the 2018 specifications only formed 72 JMFs out of 1606 extracted JMFs 

(representing less than 5% of all mix designs).  

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

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

Before 2018 Change Reclassified After 2018 Change Total 

B25.0C 8 (0.2) 41 (0.9) 4 (0.1) 53 (1.1) 

RB25.0C 296 (6.3) 395 (8.5) 192 (4.1) 883 (18.9) 

I19.0C 15 (0.3) 60 (1.3) 15 (0.3) 90 (1.9) 

RI19.0C 367 (7.9) 458 (9.8) 175 (3.8) 1000 (21.4) 

RI19.0D 49 (1.1) 0 (0.00) 0 (0.00) 49 (1.1) 

RS12.5C 15 (0.3) 0 (0.00) 0 (0.00) 15 (0.3) 

RS12.5D 8 (0.2) 0 (0.00) 0 (0.00) 8 (0.2) 

S9.5B(2018) 9 (0.2) 55 (1.2) 12 (0.3) 76 (1.6) 

RS9.5B(2018) 181 (3.9) 479 (10.3) 178 (3.8) 838 (17.9) 

S9.5C 30 (0.6) 60 (1.3) 12 (0.3) 102 (2.2) 

RS9.5C 482 (10.3) 569 (12.2) 210 (4.5) 1261 (27.0) 

S9.5D 2 (0.0) 3 (0.1) 8 (0.2) 13 (0.3) 

RS9.5D 41 (0.9) 0 (0.0) 47 (1.0) 88 (1.9) 

S4.75A 10 (0.2) 0 (0.0) 16 (0.3) 26 (0.6) 

RS4.75A 93 (2.0) 0 (0.00) 75 (1.6) 168 (3.6) 

 

3.2.4 Division and Regions Considered in Analysis 

The mix design supplier was identified according to the county where they were located. 

Then, where possible, the JMFs were clustered according to both NCDOT divisions and 
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statewide regions for the statistical analysis process. The counties considered under each division 

were as follows: 

1) Division 1: Camden, Gates, Martin, Hyde, Dare, Tyrrell, Washington, Bertie, 

Chowan, Perquimans, Currituck, Pasquotank, Northampton, and Hertford. 

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

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

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

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

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

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

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

Randolph. 

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

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

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

Alleghany. 

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

13) Division 13: Rutherford, Buncombe, McDowell, Burke, Madison, Yancey, and 

Mitchell. 

14) Division 14: Jackson, Transylvania, Macon, Cherokee, Clay, Henderson, Polk, 

Graham, Haywood, and Swain. 

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

Mitchell, Yancey, McDowell, Madison, Buncombe, Rutherford, Polk, Henderson, 

Haywood, Transylvania, Jackson, Swain, Macon, Graham, Clay, and Cherokee. 

2) Piedmont: Surry, Stokes, Yadkin, Alexander, Iredell, Catawba, Lincoln, Gaston, 

Cleveland, Davie, Forsyth, Davidson, Rowan, Cabarrus, Mecklenburg, Union, 

Stanly, Rockingham, Guilford, Randolph, Montgomery, Anson, Moore, 

Richmond, Lee, Chatham, Alamance, Orange, Durham, Caswell, Person, 

Granville, Vance, Wake, Warren, and Franklin. 

3) Coastal Plains: Johnston, Beaufort, Bertie, Bladen, Brunswick, Camden, Carteret, 

Chowan, Columbus, Craven, Cumberland, Currituck, Dare, Duplin, Edgecombe, 

Edgecombe, Gates, Greene, Halifax, Harnett, Hertford, Hoke, Hyde, Jones, 

Lenoir, Martin, Nash, New Hanover, Northampton, Onslow, Pamlico, 

Pasquotank, Pender, Perquimans, Pitt, Robeson, Sampson, Scotland, Tyrrell, 

Washington, Wayne, and Wilson. 

3.2.5 Suppliers Utilized for Pair-Wise Comparisons 

Mix groupings by supplier were utilized to evaluate the differences in mix designs 

composition. For comparisons, all the suppliers that produced specific JMFs at different traffic 

levels before and after the 2018 change were grouped and considered in the analysis. However, 

since mix composition for the same JMF type is not traffic level dependent, limited selected 

suppliers were utilized in the analysis. The suppliers were selected in a way to ensure that they 

produced the evaluated JMF type in statistically representative quantities in terms of numbers of 

mix designs before and after the change. Figure 3 shows the selected JMF types for the 

comparison along with the number of suppliers produced those JMFs. For example, JMF type 

RB25.0C was produced by 43 different suppliers out of which only five produced it before and 
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after the change in comparable quantities; thus, only these five suppliers were used for detailed 

analysis. The same rule applies to the different JMF types shown in the figure. It is important to 

note that supplier names were kept anonymous even during the research project meetings and are 

not specified within this report or its appendices. 

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

3.3. Findings 

3.3.1 Overview 

The findings of this chapter were mainly based on detailed comparisons. Comparisons 

relied on visual judgments (comparing the mean values visually from figures) as well as 

statistical testing. Figure 4 shows the comparison structure followed to draw the research 

conclusions. The two aspects used for evaluation were the main study of the mixture 

composition and the side study for the sensitivity of VMA and asphalt content to the change in 

Gsb and Ndesign. Under mixture compositions main study, the change in typical volumetric 

properties, i.e., VMA, VFA, and AC content, as well as the change in the RBR were evaluated in 

terms of mean and distribution. The evaluation was conducted by looking at different mix types, 

regions, and suppliers. For the side study, the asphalt contents for a given mix type were 

compared at different Ndesign levels over the span of twenty years. In addition, the VMA 

distribution change due to changing the calculated Gsb values at a given Ndesign was presented and 

discussed for a given mix type. 
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Figure 4. Utilized comparison structure. 

3.3.2 Mixture Composition Main Study 

3.3.2.1 Comparisons between Different Mix Types and Regions 

The volumetric parameters of VMA, VFA, and total asphalt content (AC) were compared 

across regions and mix types before and after the 2018 change. Changes were evaluated by first 

starting to look at the JMF within different regions, and then each JMF type alone was examined, 

and finally each JMF was examined within each region (when sufficient data were available). 

The Studentôs t-test was utilized as the statistical test for this analysis. When conducting the 

Studentôs t-tests, only two different levels were considered, before and after the 2018 change. 

The folded form of the F statistic was computed to test for equality of the two groupôs variances. 

In the case of unequal variances, the degrees of freedom, as well as the probability level, were 

calculated based on Satterthwaiteôs approximation. A significance level of 95% was utilized for 

the threshold of statistical signicance.  

Figure 5 shows the change of VMA between different regions for each JMF category. 

VMA is considered one of the most important asphalt volumetric properties and is affected by 
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aggregate gradation, binder content, and compaction level. The data in this figure shows that 

before the 2018 change, the average VMA was consistent across all three regions of the state. 

However, after the change, the average VMA was higher in the Mountain region compared to the 

Piedmont and Coastal regions. This regional difference as well as the differences before and after 

the 2018 change is relatively small, especially considering the variation across the mixture types 

in the region. Figures 6 through 8 show the changes in VMA for each mix type.  

When interpreting the data shown in Figures 6 through 8, it is important to keep in mind 

the remapping embedded within the JMF designations. Section 3.3.2.2 provides detailed 

comparisons with respect to the volumetrics of mixtures used under equivalent traffic conditions 

before and after the 2018 change. To better understand the ñ1.Before 2018 Changeò series shown 

in Figures 6 through 8, tables showing the number of JMFs according to old naming (pre-2018 

change) that are included within the new naming shown in the figures (after 2018 change) were 

developed. Tables 10 and 11 show the distribution of before 2018 change mix types considered 

in the analysis for surface mixtures and the combination of base and intermediate mixtures, 

respectively. For example, Table 10 shows that the pre-2018 change series for RS9.5B(2018) 

(Figure 8) contains 181 different RSF9.5A mixtures that were designed pre-2018 change. Also, it 

shows that the pre-2018 change series for RS9.5C (Figure 8) is a combination of 213 RS9.5B 

and 269 RS9.5C mixtures that were designed pre-2018 change. This approach to grouping the 

mixtureôs was taken for the analysis results shown in this section because the new surface ñCò 

mixtures have essentially the same specification as the pre-2018 ñBò mixtures, but are now 

allowed on roadways with higher cumulative ESALs. Also, the same applies to the new surface 

ñBò mixtures that have the same specification as the pre-2018 A mixtures. The pre-2018 ñA 

mixò was applicable to traffic levels less than 0.3 million ESALs while the new ñB mixò is 
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applicable to traffic levels between 0 and 3 million ESALs. In the next section, direct 

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

 
Figure 5. Change of VMA between different regions for each JMF category combined. 

 
Figure 6. Change of VMA in base mixes for each JMF category (*Refer to Table 11 for 

counts details). 
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Figure 7. Change of VMA in intermediate mixes for each JMF category (*Refer to Table 11 

for counts details). 

  
Figure 8.  Change of VMA in surface mixtures for each JMF category (*Refer to Table 10 

for count details). 
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Table 10. Distribution of Before 2018 Change mix types considered in the analysis for 

surface mixtures. 

Mix Type-2018 

(Used in Figures) 

Pre-2018 Mix Type (Counts) 

SF9.5A 
S9.5 

S4.75A RSF9.5A 
RS9.5 

RS4.75A 
B C D B C D 

S9.5B(2018) 9 0 0 0 0 0 0 0 0 0 

S9.5C 0 10 20 0 0 0 0 0 0 0 

S9.5D 0 0 0 2 0 0 0 0 0 0 

S4.75A 0 0 0 0 10 0 0 0 0 0 

RS9.5B(2018) 0 0 0 0 0 181 0 0 0 0 

RS9.5C 0 0 0 0 0 0 213 269 0 0 

RS9.5D 0 0 0 0 0 0 0 0 41 0 

RS4.75A 0 0 0 0 0 0 0 0 0 93 

Total 9 10 20 2 10 181 213 269 41 93 

 

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

and intermediate mixtures. 

Mix Type-2018 

(Used in Figures) 

Pre-2018 Mix Type (Counts) 

B25  I19.0  RB25  RI19.0 

B C  B C  B C  B C 

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

I19.0C 0 0  8 7  0 0  0 0 

RB25.0C 0 0  0 0  124 172  0 0 

RI19.0C 0 0  0 0  0 0  152 215 

Total 3 5   8 7   124 172   152 215 

 

Further analysis and statistical testing were conducted on the basis of mix designation 

and the results are shown in Table 12. Most of the average mean differences in the VMA were 

less than 0.5 percent with the highest being around 0.9 percent. Even though some of those 

differences were statistically significant, all differences were less than one percent, which make 

those differences unsubstantial from an engineering point of view, i.e., a mean difference of 0.26 

percent for the RS9.5B (2018) mix is expected to yield no notable change in performance even if 

it is statistically significant. Since some of the evaluated mean differences were statistically 

significant but not practically significant, the different mix types within each region were 

evaluated before and after the 2018 change. This was done to further evaluate the practical and 

statistical significant of differences imposed by the specification changes. As shown in Table 13, 
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all the evaluated differences are regarded as unsubstantial from a practical engineering 

perspective. 

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

 Mean Difference Mean Variance Test t-test Results 

Mix Type Difference 
JMF with Higher 

Value 
Pr > |F| t-test Method DF Pr > |t| Sig.? 

B25.0C -0.9250 After 2018 Change 0.2802 Pooled 10 0.1127 No 

RB25.0C 0.1102 Before 2018 Change 0.0118 Satterthwaite 340 0.0318 Yes 

I19.0C 0.2690 Before 2018 Change 0.4924 Pooled 27 0.2044 No 

RI19.0C 0.0229 Before 2018 Change 0.0029 Satterthwaite 397 0.6309 No 

S9.5B(2018) 0.1091 Before 2018 Change 0.6449 Pooled 18 0.8437 No 

RS9.5B(2018) -0.2571 After 2018 Change 0.9943 Pooled 347 0.0035 Yes 

S9.5C 0.2309 Before 2018 Change 0.3740 Pooled 39 0.4286 No 

RS9.5C -0.0570 After 2018 Change 0.0016 Satterthwaite 318 0.3648 No 

S9.5D -0.0625 After 2018 Change 0.4331 Pooled 8 0.9257 No 

RS9.5D -0.2061 After 2018 Change 0.0718 Pooled 83 0.1342  

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

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

 

A similar analysis was conducted for both VFA and asphalt content (AC). Like the 

analysis for VMA, the results suggested that mixes among different regions had an almost 

similar average value of VFA and AC before the change while after the change the Mountains 

had slightly higher average values of both. This result was in line with what was found for VMA 

analysis. The figures and tables related to these volumetric properties are presented in Appendix 

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

 Mean Variance Test t-test Results 

Mix Type*  Region 
Mean 

Difference+ 
Pr > |F| t-test Method DF Pr > |t| Sig.? 

B25.0C Mountains -1.6667 <.0001 Satterthwaite 5 0.0023 Yes 

RB25.0C 

Coastal  0.2609 0.0599 Pooled 204 0.0002 Yes 

Mountains -0.5694 0.6213 Pooled 35 0.0610 No 

Piedmont -0.2093 0.5430 Pooled 228 0.0022 Yes 

I19.0C 

Coastal  0.2067 0.0855 Pooled 12 0.3901 No 

Mountains -0.3700 0.5753 Pooled 5 0.4068 No 

Piedmont 0.1750 0.3817 Pooled 6 0.6515 No 

RI19.0C 

Coastal  -0.0145 0.0424 Satterthwaite 204 0.8192 No 

Mountains 0.0725 0.0109 Satterthwaite 38 0.7238 No 

Piedmont -0.1795 0.2120 Pooled 277 0.0100 Yes 

S9.5B(2018) 
Coastal  -0.0700 0.5969 Pooled 5 0.9192 No 

Piedmont -0.6200 0.3110 Pooled 8 0.2256 No 

RS9.5B(2018) 

Coastal  -0.5414 0.2464 Pooled 149 <.0001 Yes 

Mountains 0.2133 0.7653 Pooled 22 0.6094 No 

Piedmont -0.3055 0.3371 Pooled 172 0.0123 Yes 

S9.5C 

Coastal  0.4400 0.4806 Pooled 8 0.3828 No 

Mountains -0.0333 0.1557 Pooled 3 0.9495 No 

Piedmont -0.0217 0.5710 Pooled 24 0.9677 No 

RS9.5C 

Coastal  0.0638 0.1662 Pooled 234 0.5316 No 

Mountains -0.1857 0.7164 Pooled 58 0.3044 No 

Piedmont -0.2478 0.3774 Pooled 376 0.0009 Yes 

S9.5D Piedmont 0.2667 0.2480 Pooled 6 0.6480 No 

RS9.5D 

Coastal  -0.0470 0.4854 Pooled 20 0.8724 No 

Mountains -0.6889 0.9706 Pooled 9 0.3019 No 

Piedmont -0.1536 0.3754 Pooled 50 0.3432 No 

S4.75A 
Mountains 2.3905 0.8547 Pooled 8 0.0149 Yes 

Piedmont -0.2625 0.4661 Pooled 10 0.6266 No 

RS4.75A 
Coastal  0.3284 0.1410 Pooled 105 0.1695 No 

Piedmont -0.1580 0.9802 Pooled 48 0.5684 No 
+Negative if JMFs after 2018 change had higher average mean value. 

*Comparisons were only performed by mix type and region when at least three different mixes for the mix type in 

the region were available before and after the change. 

 

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

The previous comparisons were conducted considering the mixture remapping introduced 

by the 2018 change, i.e., the specification of pre-2018 change RS9.5B mixture is the same as the 

specification of post-2018 change RS9.5C mixture. However, RS9.5B and RS9.5C were 

specified to serve under two different traffic levels, i.e., the new surface ñCò mixtures have the 
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same specification as the pre-2018 ñBò mixtures, but are now allowed on roadways with higher 

cumulative ESALs. To further assess the differences invoked by the specification changes, if 

any, additional comparisons at three different traffic levels were conducted by comparing pre-

2018 to post-2018 mixture types at specific traffic levels as follows: 

1) Less than 0.3 million ESAL: Pre-2018 SF9.5A vs post-2018 S9.5B(2018) 

2) From 0.3 to 3 million ESAL: Pre-2018 S9.5B vs post-2018 S9.5B(2018) 

3) From 3 to 30 million ESAL: Pre-2018 S9.5C vs post-2018 S9.5C 

Figures 9, 10, and 11 show the comparison results for traffic levels less the 0.3 million 

ESAL, between 0.3 and 3 million ESAL, and between 3 and 30 million ESAL respectively.  In 

addition, Table 14 shows the Studentôs t-test results for the same comparisons. Figure 9 shows 

that there is almost no difference in the mean value of VMA for surface mixtures placed on 

roadways with less than 0.3 million ESALs. From Table 14, the mean difference in VMA 

observed is 0.17, which is statistically significant, but its magnitude is not practically significant. 

Figure 10 shows that the mean VMA value for surface mixes placed on roadways with between 

0.3 and 3 million ESALs was higher after the 2018 change (RS9.5B(2018) versus RS9.5B pre-

2018 change). This mean VMA difference of 1.37 was found to be statistically significant as 

shown in Table 14. Since the VMA change was statistically significant, it is also worth noting 

that on average the mean asphalt content has increased by 0.70% for the 0.3-3 million ESALs 

roadways (see detailed analysis in Appendix A). There was almost no difference in the mean 

VMA value for the surface mixes to be placed on roadways with traffic volumes between 3 and 

30 million ESALs as shown in Figure 11. From Table 14, the difference was found to be 

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

volumetric properties are presented in Appendix A. 

 
Figure 9. Change of VMA in surface mixtures specified for roads with less than 0.3 million 

ESAL. 

 
Figure 10. Change of VMA in surface mixtures specified for roads with between 0.3 and 3 

mil lion ESAL. 
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Figure 11. Change of VMA in surface mixtures specified for roads with between 3 and 30 

million ESAL.  

 

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

Traffic 

Category 
JMF Type Difference+ Pr > |F| DF Pr > |t| Sig.? 

< 0.3 Million 

ESALs 

RSF9.5A vs 

RS9.5B(2018) 
0.17 0.9521 562.0000 0.0270 Yes 

SF9.5A vs 

S9.5B(2018) 
-0.20 0.5094 29.0000 0.6676 No 

0.3 ï 3 Million 

ESALs 

RS9.5B vs 

RS9.5B(2018) 
1.37 0.0010 271.5067 <.0001 Yes 

S9.5B vs 

S9.5B(2018) 
1.35 0.1161 29.0000 0.0002 Yes 

3 ï 30 Million 

ESALs 

RS9.5C vs 

RS9.5C(2018) 
0.04 0.0112 409.0958 0.5141 No 

S9.5C vs 

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

+Negative if JMFs before 2018 change had higher average mean value. 

 

3.3.2.3 Pair-wise Supplier Comparisons Student t-test 

Mix groupings by supplier were conducted as discussed under the methodology section. 

Supplier names were kept anonymous even during the research meetings and presentations. 

VMA, VFA, and total AC content for RB25C, RI19C, RS4.75A, RS9.5B(2018), and RS9.5C 
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were evaluated for the selected number of suppliers JMFs before and after the change. As shown 

in Table 15 almost all of the average mean differences for the pre and post-2018 mix design 

changes in terms of VMA were less than 0.2 percent with the highest being 1.0 percent. Even 

though some of those differences were statistically significant, all differences were less than one 

percent, which make those differences practically insignificant. The analysis tables for the VMA, 

VFA and total AC contents led to similar conclusions and are presented in Appendix A. 

Table 15. Selected suppliers VMA t-test results for RS9.5C JMF type. 

Supplier 

Code 

JMF 

Type 
Difference+ Pr > |F| Variances t Value DF Pr > |t| Sig.? 

AS-15 RS9.5C -0.1333 0.7647 Equal -0.6860 4 0.5304 No 

AS-21 RS9.5C 0.1167 1.0000 Equal 0.3531 7 0.7344 No 

AS-40 RS9.5C -0.1000 <.0001 Unequal -0.1176 2 0.9171 No 

AS-45 RS9.5C -0.1611 0.7964 Equal -1.0955 11 0.2967 No 

AS-60 RS9.5C 0.4222 0.2310 Equal 1.7307 12 0.1091 No 

AS-92 RS9.5C -1.0000 0.3491 Equal -3.3845 9 0.0081 Yes 

AS-130 RS9.5C -0.7533 0.3265 Equal -1.8073 6 0.1207 No 

AS-135 RS9.5C 0.0534 0.8447 Equal 0.7499 25 0.4603 No 

AS-141 RS9.5C -0.1714 0.5300 Equal -1.2932 18 0.2123 No 

AS-153 RS9.5C 0.1667 0.9143 Equal 0.8452 4 0.4456 No 
+Negative if JMFs after 2018 change had higher average mean value. 
 

3.3.3 Recycled Binder Replacement Main Study 

3.3.3.1 Classification and Distribution among Mix Types and Regions 

In the 2018 QMS manual, the recycled content guidance was modified to RBR% instead 

of RAP and RAS contents. While examining the extracted data, inconsistent naming of the mixes 

containing recycled binder was noticed. Some of the RAP mixes that contained fractionated RAP 

included entries in both the RAP and RAS asphalt content fields. The AC from RAS and in some 

cases, from fine or coarse RAP was placed in the other AC field in the HiCAMS database. To 

overcome these inconsistencies, a classification algorithm was applied, and a new recycled 

material classification field was added to the main study research database as follows:  
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1) Fractionated RAP Mix (fine RAP was identified in the ñRASò field whenever the 

AC content indicated was less than 8%) 

2) RAP Mix 

3) RAP/RAS Mix 

4) RAS Mix 

5) Virgin Mix  

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

base mixes for the study data is shown in Table 16. From this table, it may be concluded that the 

majority of the mixes contained RAP (61.4%), the highest proportion of these are surface mixes, 

and that the RAP/RAS mixes are used more than fractionated RAP mixes (18.5% vs 11.0%). 

Finally, only 7.7% of the mixes in the database had neither RAP nor RAS. In other words, the 

majority of the designed and constructed mixes (92.9%) in the State of North Carolina contained 

recycled binder. 

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

Recycled Material 

Classification 

Number of JMF by Category (Percent of total JMFs by 

Category) 

Base Mix 

Intermediate 

Mix  

Surface 

Mix  Total 

Fractionated RAP Mix 93 (2.0) 154 (3.3) 267 (5.7) 514 (11.0) 

RAP Mix  608 (13.0) 672 (14.7) 1589 (34.0) 2869 (61.4) 

RAP/RAS Mix 173 (3.7) 216 (4.6) 474 (10.2) 863 (18.5) 

RAS Mix 9 (0.2) 7 (0.2) 48 (1.0) 64 (1.4) 

Virgin Mix  53 (1.1) 90 (1.9) 217 (4.7) 360 (7.7) 

Total 936 (20.0) 1139 (24.4) 2595 (55.6) 4670 (100.0) 

 

Figure 12 shows the distribution of recycled material mixes among the main three regions 

within North Carolina. Non-fractionated RAP only mixtures are most prevalent in all regions. In 

the Coastal Plains and Mountains region, the RAP/RAS mix type was the second most common 
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and in the Piedmont, it was the fractionated RAP mix type. It can also be seen that mixtures 

containing only RAS were confined to the Coastal Plains region. 

 
Figure 12. Distribution of recycled material classification among different regions. 

3.3.3.2 Distribution among Different Divisions 

The geographical distribution of the RBR in JMFs is shown in Table 17. Mixtures are 

separated according to whether they are a RAP mix (containing only a single RAP stockpile in 

the mixture), fractionated RAP mix (including a fine and coarse RAP stockpile), RAP/RAS mix 

(containing both RAP and RAS), RAS mix (containing RAS only), or virgin mix (having no 

recycled content). Division 5 (Wake, Franklin, Durham, Granville, Vance, Warren, and Person 

counties) had the highest presence of the RAP modified mixes at 6.9% rate while Division 10 

(Union, Cabarrus, Anson, Mecklenburg, and Stanly counties) ranked the highest in the presence 

of fractionated RAP mixes at a rate of 4.1%. The highest presence of RAP/RAS and RAS mixes 

was in Division 1 (Camden, Gates, Martin, Hyde, Dare, Tyrrell, Washington, Bertie, Chowan, 

Perquimans, Currituck, Pasquotank, Northampton, and Hertford counties) at rates of 3.5% and 

0.8%, respectively. 
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The effect of the introduced changes in year 2018 on the distribution of the RBR 

modified JMFs was evaluated for each type of RBR modification separately as shown in Tables 

18, 19, 20, and 21 for RAP, fractionated RAP, RAP/ RAS, and RAS modified mixes 

respectively. It is interesting to note that Division 1 is one of the divisions that showed 

substantial changes in the RBR distributions pre- versus post-2018. For instance, RAP mixes 

have the highest presence after the 2018 change in Division 1. Also, RAP/RAS and RAS mixes 

jumped from 2.3% and 6.3% to 11.4% and 34.4%, respectively after the 2018 change. Finally, 

before the 2018 change, Division 1 did not have any fractionated RAP mixes while after the 

change, four new JMFs were utilized. It is worth mentioning that within the 14 Divisions, only 

Divisions 1, 2, 4, and 8 had RAS mixes. 

Table 17. RBR Job mix formulas distribution by divisions. 

Divisions 

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

RAP Mix  
Fractionated 

RAP Mix  

RAP/ RAS 

Mix  
RAS Mix 

Unmodified 

Mix  

Division 1 231 (5.0%) 4 (0.1%) 161 (3.5%) 36 (0.8%) 14 (0.3%) 

Division 2 204 (4.4%) 1 (0.0%) 145 (3.1%) 2 (0.0%) 25 (0.5%) 

Division 3 122 (2.6%) 15 (0.3%) 66 (1.4%) 0 (0.0%) 3 (0.1%) 

Division 4 166 (3.6%) 26 (0.6%) 95 (2.0%) 19 (0.4%) 4 (0.1%) 

Division 5 321 (6.9%) 131 (2.8%) 58 (1.2%) 0 (0.0%) 28 (0.6%) 

Division 6 143 (3.1%) 0 (0.0%) 42 (0.9%) 0 (0.0%) 30 (0.6%) 

Division 7 217 (4.7%) 16 (0.3%) 109 (2.3%) 0 (0.0%) 11 (0.2%) 

Division 8 154 (3.3%) 81 (1.7%) 83 (1.8%) 3 (0.1%) 27 (0.6%) 

Division 9 224 (4.8%) 3 (0.1%) 42 (0.9%) 0 (0.0%) 1 (0.0%) 

Division 10 239 (5.1%) 191 (4.1%) 19 (0.4%) 0 (0.0%) 39 (0.8%) 

Division 11 234 (5.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 44 (0.9%) 

Division 12 181 (3.9%) 19 (0.4%) 0 (0.0%) 0 (0.0%) 15 (0.3%) 

Division 13 184 (3.9%) 0 (0.0%) 30 (0.6%) 0 (0.0%) 20 (0.4%) 

Division 14 130 (2.8%) 15 (0.3%) 3 (0.1%) 0 (0.0%) 82 (1.8%) 

Out of State 119 (2.6%) 12 (0.3%) 10 (0.2%) 4 (0.1%) 17 (0.4%) 

Total 2869 (61.4%) 514 (11.0%) 863 (18.5%)  64 (1.4%)  360 (7.7%) 
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Table 18. RAP job mix formulas distribution by divisions before and after 2018 change. 

Divisions 

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

RAP Mix  

Before 2018 Change 

RAP Mix  

Reclassified 

RAP Mix  

After 2018 Change 

Division 1 32 (1.1%) 100 (3.5%) 99 (3.5%) 

Division 2 79 (2.8%) 72 (2.5%) 53 (1.9%) 

Division 3 50 (1.7%) 48 (1.7%) 24 (0.8%) 

Division 4 62 (2.2%) 59 (2.1%) 45 (1.6%) 

Division 5 115 (4.0%) 152 (5.3%) 54 (1.9%) 

Division 6 38 (1.3%) 66 (2.3%) 39 (1.4%) 

Division 7 81 (2.8%) 93 (3.2%) 43 (1.5%) 

Division 8 46 (1.6%) 90 (3.1%) 18 (0.6%) 

Division 9 96 (3.4%) 97 (3.4%) 31 (1.1%) 

Division 10 108 (3.8%) 96 (3.4%) 35 (1.2%) 

Division 11 50 (1.7%) 170 (5.9%) 14 (0.5%) 

Division 12 26 (0.9%) 123 (4.3%) 32 (1.1%) 

Division 13 55 (1.9%) 99 (3.5%) 30 (1.1%) 

Division 14 19 (0.7%) 98 (3.4%) 13 (0.5%) 

Out of State 23 (0.8%) 75 (2.6%) 21 (0.7%) 

Total 880 (30.7%)  1438 (50.1%) 551 (19.2%) 

 

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

2018 change. 

Divisions 

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

Fractionated RAP Mix 

Before 2018 Change 

Fractionated RAP Mix 

Reclassified 

Fractionated RAP Mix 

After 2018 Change 

Division 1 0 (0.0%) 0 (0.0%) 4 (0.8%) 

Division 2 0 (0.0%) 0 (0.0%) 1 (0.2%) 

Division 3 6 (1.1%) 7 (1.4%) 2 (0.4%) 

Division 4 12 (2.3%) 14 (2.7%) 0 (0.0%) 

Division 5 83 (16.1%) 34 (6.6%) 14 (2.7%) 

Division 6 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 7 0 (0.0%) 8 (1.6%) 8 (1.6%) 

Division 8 25 (4.9%) 50 (9.7%) 6 (1.2%) 

Division 9 0 (0.0%) 0 (0.0%) 3 (0.6%) 

Division 10 129 (25.1%) 44 (8.6%) 18 (3.5%) 

Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 12 8 (1.6%) 3 (0.6%) 8 (1.6%) 

Division 13 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 14 8 (1.6%) 6 (1.2%) 1 (0.2%) 

Out of State 4 (0.8%) 5 (1.0%) 3 (0.6%) 

Total 275 (53.5%) 171 (33.3%)  68 (13.2%) 
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Table 20. RAP/ RAS job mix formulas distribution by divisions before and after 2018 

change. 

Divisions 

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

RAP/ RAS Mix 

Before 2018 Change 

RAP/ RAS Mix 

Reclassified 

RAP/ RAS Mix 

After 2018 Change 

Division 1 20 (2.3%) 43 (5.0%) 98 (11.4%) 

Division 2 69 (8.0%) 39 (4.5%) 37 (4.3%) 

Division 3 31 (3.6%) 25 (2.9%) 10 (1.2%) 

Division 4 46 (5.3%) 34 (3.9%) 15 (1.7%) 

Division 5 34 (3.9%) 11 (1.3%) 13 (1.5%) 

Division 6 12 (1.4%) 17 (2.0%) 13 (1.5%) 

Division 7 63 (7.3%) 31 (3.6%) 15 (1.7%) 

Division 8 31 (3.6%) 39 (4.5%) 13 (1.5%) 

Division 9 30 (3.5%) 12 (1.4%) 0 (0.0%) 

Division 10 12 (1.4%) 4 (0.5%) 3 (0.4%) 

Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 12 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 13 17 (2.0%) 12 (1.4%) 1 (0.1%) 

Division 14 0 (0.0%) 3 (0.4%) 0 (0.0%) 

Out of State 3 (0.4%) 1 (0.1%) 6 (0.7%) 

Total 368 (42.6%) 271 (31.4%) 224 (26.0%)  

 

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

Divisions 

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

RAS Mix 

Before 2018 Change 

RAS Mix 

Reclassified 

RAS Mix 

After 2018 Change 

Division 1 4 (6.3%) 10 (15.6%) 22 (34.4%) 

Division 2 2 (3.1%) 0 (0.0%) 0 (0.0%) 

Division 3 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 4 3 (4.7%) 8 (12.5%) 8 (12.5%) 

Division 5 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 6 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 7 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 8 0 (0.0%) 3 (4.7%) 0 (0.0%) 

Division 9 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 10 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 11 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 12 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 13 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Division 14 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Out of State 0 (0.0%) 0 (0.0%) 4 (6.3%) 

Total 9 (14.1%)  21 (32.8%) 34 (53.1%) 
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3.3.3.3 Volumetric Analysis 

More than 90% of mixes designed in the State of North Carolina contain recycled binder. 

In order to evaluate the changes in the breakdown of different RBR categories produced and the 

corresponding properties, the RBR mixes were analyzed under the five main categories 

discussed earlier. Analysis was completed along a few different factors. 

¶ RAP Mix % - refers to the average amount of RAP in the mixture as a percentage 

of total mass (RAP and RAP/RAS categories). 

¶ Fine RAP Mix % - refers to the average amount of fine RAP in the mixture as a 

percentage of total mass (Fractionated RAP category only). 

¶ Coarse RAP Mix % - refers to the average amount of coarse RAP in the mixture 

as a percentage of total mass (Fractionated RAP category only). 

¶ RAS Mix % - refers to the average amount of RAS in the mixture as a percentage 

of total mass (RAS and RAP/RAS categories). 

¶ Virgin Mix %- refers to the average amount of virgin mix in the mixture as a 

percentage of total mass (determined for the RAP, Fractionated RAP and 

RAP/RAS categories). 

¶ AC in RAP %- refers to the average asphalt content of RAP mix as a percentage 

of total RAP mix mass (RAP and RAP/RAS categories). 

¶ AC in Fine RAP % - refers to the average asphalt content of fine RAP in the 

mixture as a percentage of total fine RAP mix mass (Fractionated RAP category 

only). 

¶ AC in Coarse RAP % - refers to the average asphalt content of coarse RAP in the 

mixture as a percentage of total coarse RAP mix mass (determined for the 

Fractionated RAP category only). 
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¶ AC in RAS % - refers to the average asphalt content of RAS in the mixture as a 

percentage of total RAS mix mass (RAS and RAP/RAS categories). 

¶ AC from RAP % - refers to the average percent contribution made to the total 

asphalt content of the mix from  RAP mix (RAP and RAP/RAS categories). 

¶ AC from Fine RAP% - refers to the average percent contribution made to the total 

asphalt content of the mix from fine RAP mix (Fractionated RAP category only). 

¶ AC from Coarse RAP % - refers to the average percent contribution made to the 

total asphalt content of the mix from coarse RAP mix (Fractionated RAP category 

only). 

¶ AC from RAS % - refers to the average percent contribution made to the total 

asphalt content of the mix from RAS mix (RAS and RAP/RAS categories). 

¶ Virgin AC % - refers to the average percent contribution made to the total asphalt 

content of the mix from Virgin mix (RAP, Fractionated RAP, RAS, and 

RAP/RAS categories). 

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

total mix mass (all the categories). 

As shown in Table 22, for RAP modified mixture, the mean RAP mix % was lower after 

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

mean that the Virgin AC% was higher after the change (on average) than it was before. Having 

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

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

and Virgin mix % increased after the 2018 change as shown in Table 23. 
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Table 24, for RAP/RAS modified mixtures, shows an increase in the mean proportion of 

RAS mix % and a decrease in the mean proportion RAP mix % after the 2018 change. As for the 

RAS modified only mix, Table 26 shows a decrease in the mean proportion of RAS mix % after 

the 2018 change. Finally, for the virgin mixes, the mean virgin AC % was increased after the 

2018 change as shown in Table 25. 

Table 22. RAP mix statistics for each JMF category. 

JMF Category  Property  N Mean Std Dev 

Before 2018 Change RAP Mix % 

Virgin Mix % 

AC in RAP % 

AC from RAP % 

Virgin AC % 

Total AC % 

822 

822 

822 

822 

822 

822 

24.55 

75.45 

4.93 

1.21 

4.14 

5.36 

6.81 

6.81 

0.47 

0.36 

1.02 

0.93 

After 2018 Change RAP Mix % 

Virgin Mix % 

AC in RAP % 

AC from RAP % 

Virgin AC % 

Total AC % 

530 

530 

530 

530 

530 

530 

22.57 

77.37 

4.98 

1.12 

4.43 

5.55 

6.70 

6.72 

0.47 

0.33 

0.99 

0.95 

 

Table 23. Fractionated RAP mix statistics for each JMF category. 

JMF Category  Property  N Mean Std Dev 

Before 2018 Change Fine RAP Mix % 

Coarse RAP Mix % 

Virgin % 

AC in Fine RAP % 

AC in Coarse RAP % 

AC from Fine RAP % 

AC from Coarse RAP % 

Virgin AC % 

Total AC % 

254 

254 

254 

254 

254 

254 

254 

254 

254 

20.23 

14.45 

65.32 

5.41 

3.35 

1.09 

0.50 

3.49 

5.08 

6.88 

5.89 

4.94 

0.43 

0.66 

0.40 

0.27 

0.69 

0.75 

After 2018 Change Fine RAP Mix % 

Coarse RAP Mix % 

Virgin Mix % 

AC in Fine RAP % 

AC in Coarse RAP % 

AC from Fine RAP % 

AC from Coarse RAP % 

Virgin AC % 

Total AC % 

65 

65 

65 

65 

65 

65 

65 

65 

65 

21.32 

12.14 

66.54 

5.18 

3.14 

1.15 

0.42 

3.91 

5.48 

5.50 

4.21 

7.36 

0.98 

0.88 

0.35 

0.15 

0.86 

0.82 
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Table 24. RAP/RAS mix statistics for each JMF category. 

JMF Category  Property  N Mean Std Dev 

Before 2018 Change RAP Mix % 

RAS Mix % 

Virgin Mix % 

AC in RAP % 

AC in RAS % 

AC from RAP % 

AC from RAS % 

Virgin AC % 

Total AC % 

354 

354 

354 

354 

354 

354 

354 

354 

354 

18.39 

4.25 

77.36 

5.02 

20.45 

0.91 

0.85 

3.76 

5.51 

5.88 

0.95 

5.77 

1.04 

2.29 

0.30 

0.19 

0.77 

0.91 

After 2018 Change RAP Mix % 

RAS Mix % 

Virgin Mix % 

AC in RAP % 

AC in RAS % 

AC from RAP % 

AC from RAS % 

Virgin AC % 

Total AC % 

218 

218 

218 

218 

218 

218 

218 

218 

218 

16.24 

4.32 

79.43 

4.84 

20.23 

0.80 

0.86 

3.83 

5.49 

6.61 

0.95 

6.47 

0.55 

0.99 

0.35 

0.19 

0.75 

0.97 

 

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

JMF Category  N Mean Std Dev 

Before 2018 Change 73 5.85 1.03 

After 2018 Change 65 6.02 1.09 

 

Table 26. RAS mix statistics for each JMF category. 

JMF Category  Property  N Mean Std Dev 

Before 2018 Change RAS Mix % 

AC in RAS % 

AC from RAS % 

Addl. Binder % 

8 

8 

8 

8 

5.13 

21.74 

1.09 

5.64 

0.35 

2.99 

0.14 

0.41 

After 2018 Change RAS Mix % 

AC in RAS % 

AC from RAS % 

Addl. Binder % 

30 

30 

30 

30 

4.67 

22.27 

1.02 

5.20 

0.96 

2.96 

0.19 

1.03 

 

3.3.4 Compaction Level and Aggregate Bulk Specific Gravity Effects Side Study 

3.3.4.1 Design Compaction Level Effect on Asphalt Content and VMA 

From a theoretical standing point, decreasing the design compaction level should create 

more voids in the mix that could be filled with an additional binder. Dropping Ndesgin by 25 to 30 
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gyrations increases VMA by 1% and would increase the design asphalt content by 0.4% (Cox et 

al. 2022; Huber and Anderson 2004; Prowell and Brown 2007). In an online survey that was 

conducted as part of NCHRP 20-07/Task 406 (West et al. 2018), 24 out of the 47 responding 

state DOTs reported that they lowered the number of design gyrations in an effort to improve the 

durability of the produced mixtures across the state.  

Practically, changing the compaction design level will not affect the asphalt content much 

if the aggregate blend changes. This result occurs because nothing prevents the mix designer 

from using an alternative aggregate blend or adjusting the gradation to fill the newly created 

voids by changing the compaction levels with aggregates instead of asphalt.  

To check the Ndesign trends with VMA and asphalt contents in actual mix design data, the 

JMF information from 2001 to 2021 was extracted and classified for each mix type over the 

years as shown in Table 27. Only the surface mixtures RS9.5B and RS9.5C were utilized in this 

assessment due to the small sample size of the other mix types.  

Figures 13 and 14 show the asphalt contents and VMA changes for the RS9.5C mix, 

respectively. The RS9.5C was specified and designed to serve the same traffic level for all the 

years shown in Figures 13 and 14 at three different compaction levels. Ndesign and VMAmin were 

100 and 15%, 75 and 15.5%, 65 and 15.5% for 2001 to 2009, 2010 to 2017, and 2018 to 2021 

JMF specifications, respectively. From the figures, it is clear that the asphalt content and VMA% 

did not change much as a result of changing Ndesign. Figures 13 and 14 show a slight increase in 

asphalt contents and VMA% between 2001 to 2009 and  2009 to 2021 data. However, that 

change in asphalt content did not yield a 1% change in VMA. Furthermore, the gradation change 

for this mix type across the different Ndesign levels is presented in Figure 15. It is clear from the 
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figure that gradation changes are tracking with asphalt content changes since the mixtures 

designed at 100 gyrations being slightly coarser than the ones designed at 75 and 65 gyrations.  

Figures 16 and 17 show the asphalt contents and VMA changes for the RS9.5B mix, 

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

ESALs for 2001 to 2009 and 2010 to 2017 specifications, while in 2018, the specification 

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

ESALs as discussed in the previous sections of this chapter. Ndesign and VMAmin were 75 and 

15%, 65 and 15.5%, 50 and 16% for 2001 to 2009, 2010 to 2017, and 2018 to 2021 JMF 

specifications, respectively. Figure 15 shows that the asphalt content changed by about 0.6% on 

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

resulted in a 2% change in VMA on average when comparing both data series from Figure 17. 

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

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

shown in Figure 18. It is believed that this change is a result of the reclassification process for 

the RS9.5A mixtures to serve as RS9.5B mixtures, as explained and detailed in Section 3.2.3 of 

this chapter and not as a result of changing the design gyration levels since no similar trend was 

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

result of the interactions between gradation, VMAmin limits, and Ndesign since for this mix type, 

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

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

tweaking the mix design. 
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.designe for each mix type at a specific N. Number of JMFs availabl27Table  

Mix Type Year 

Number of JMF by Ndesign 

 (Percent of JMF by Ndesign) 

50 65 75 100 125 Total 

RS9.5A 

2001 to 2009 
660 

(10.25) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

660 

(10.25) 

2010 to 2017 
838 

(13.01) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

838 

(13.01) 

RS9.5B 

2001 to 2009 
0 

(0.00) 

41 

(0.64) 

544 

(8.45) 

0 

(0.00) 

0 

(0.00) 

585 

(9.08) 

2010 to 2017 
0 

(0.00) 

1123 

(17.44) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

1123 

(17.44) 

2018 to 2021 
767 

(11.91) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

767 

(11.91) 

RS9.5C 

2001 to 2009 
0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

479 

(7.44) 

0 

(0.00) 

479 

(7.44) 

2010 to 2017 
0 

(0.00) 

0 

(0.00) 

881 

(13.68) 

0 

(0.00) 

0 

(0.00) 

881 

(13.68) 

2018 to 2021 
0 

(0.00) 

908 

(14.1) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

908 

(14.1) 

RS9.5D 

2001 to 2009 
0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

8 

(0.12) 

8 

(0.12) 

2010 to 2017 
0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

86 

(1.34) 

0 

(0.00) 

86 

(1.34) 

2018 to 2021 
0 

(0.00) 

0 

(0.00) 

0 

(0.00) 

105 

(1.63) 

0 

(0.00) 

105 

(1.63) 

  
Total 

2265 

(35.17) 

2072 

(32.17) 

1425 

(22.13) 

670 

(10.4) 

8 

(0.12) 

6440 

(100) 
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Figure 13. Average asphalt content for RS9.5C mix type at different Ndesign levels. 

 
Figure 14. Average percent VMA for RS9.5C mix type at different Ndesign levels. 
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Figure 15. Average percent passing from different sieve sizes for RS9.5C mix type at 

different Ndesign levels. 

 
Figure 16. Average asphalt content for RS9.5B mix type at different Ndesign levels. 
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Figure 17. Average percent VMA for RS9.5B mix type at different Ndesign levels. 

 
Figure 18. Average percent passing from different sieve sizes for RS9.5B mix type at 

different Ndesign levels. 

3.3.4.2 VMA Sensitivity to Changes in Aggregate Bulk Specific Gravity Measurements 

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

important criteria that mix designers use to control the mix design process, as it is the tool to 
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determine an acceptable aggregate blend and design asphalt content effectively. Figures 19 and 

20 show the distribution of VMA values across different Ndesign values for RS9.5B and RS9.5C 

mixtures. From the figures, it is clear that across all the design levels, the calculated VMA 

values, as reported in the approved and accepted mix designs, were on average 1.5% to 2% 

higher than the specified minimum limit for both mixture types at all the design levels. 

Currently, in the NCDOT mix design guidelines laid by the QMS, VMA is calculated as shown 

in Equation (3.1) where Ps is the aggregate percentage by the total mix weight, and Gmb is the 

mix bulk specific gravity.  

 

( )
100 mb s

sb

G P
VMA

G
= -        (3.1) 

  

The frequency for Gsb testing is very low; in fact, most of the state DOTs require Gsb 

testing only at the mix design stage (Cox et al. 2022). From Equation (3.1),  It is obvious how 

vulnerable VMA calculations are to changes in Gsb values. Even the slightest change in Gsb 

values can significantly affect the calculated VMA values; for instance, a Gsb measurement error 

of 0.018 would change the calculated VMA value by 0.6%. 

To evaluate the sensitivity of VMA to Gsb measurements in the dataset, a 0.052 d2s limit  

(acceptable range for two results) from AASHTO T 84 (AASHTO T84-91 2004) and T 85 

(AASHTO T85-91 2004)  for a 50/50 blend of coarse and fine aggregate was applied to the 

dataset. In addition, for a more realistic evaluation, one-third of the d2s limit, which is 0.018, 

was applied to the dataset as well. The reported Gsb values in the dataset were changed by 

subtracting 0.052 and 0.018, and then the VMA values were recalculated.  

Figure 21 shows the VMA distribution for the RS9.5B mixtures at Ndesign of 50. From the 

figure, dropping the Gsb values by 0.018 will not substantially affect the calculated VMA values; 
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only less than 1% of the mixtures had a VMA value less than VMAmin. However, dropping the 

Gsb by 0.052 resulted in more than 20% of the mixtures failing the minimum VMA requirement. 

A similar analysis for the other two different Ndesign values was conducted, and the figures are 

presented in Appendix A. For Ndesign of 65, dropping Gsb values by 0.018 resulted in around 8% 

of the mixtures failing the minimum VMA requirements, while more than 56% of the mixtures 

fell when dropping Gsb values by 0.052. The trends and the values were similar at Ndesign of 75. 

Figure 22 shows the VMA distribution for the RS9.5C mixtures at Ndesign of 65. From the 

figure, dropping the Gsb values by 0.018 will result in more than 12% of the mixtures failing the 

VMA min. Also, dropping the Gsb by 0.052 resulted in more than 60% of the mixtures having a 

VMA value less than VMAmin. A similar analysis for the other two different Ndesign values was 

conducted, and the figures are presented in Appendix A. For Ndesign of 75, dropping Gsb values by 

0.018 resulted in around 11% of the mixtures failing the minimum VMA requirements, while 

more than 63% of the mixtures fell when dropping Gsb values by 0.052. The trends and the 

values were similar at Ndesign of 100. 

From this analysis, it is evident that aggregate bulk specific gravity has a significant 

effect on the reported mixture volumetrics. Given all the uncertainty and variability in 

determining the recycled material's specific gravities, this will have us wondering if we are truly 

reporting the real designed mixture volumetrics. It is worth mentioning that the RS9.5B mix type 

at 50 gyrations had fewer failing conditions when compared to RS9.5C because RS9.5B 

mixtures had original VMA values that were almost 2.5% higher than the specified VMA min, to 

begin with.   
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Figure 19. VMA distribution for RS9.5B mixtures at: (a) 50 design gyrations, (b) 65 design 

gyrations, and (c) 75 design gyrations.  

 

 
Figure 20. VMA distribution for RS9.5C mixtures at: (a) 65 design gyrations, (b) 75 design 

gyrations, and (c) 100 design gyrations.  

 

 

(a) (b)

(c)

(a) (b)

(c)
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Figure 21. VMA distribution for RS9.5B mixtures at 50 design gyrations: (a) using the 

reported Gsb, (b) after dropping G sb values by one-third d2s limit, and (c) after dropp ing 

Gsb values by the d2s limit. 

 
Figure 22. VMA distribution for RS9.5C mixtures at 65 design gyrations: a) using the 

reported Gsb, b) after dropping G sb values by one-third d2s limit, and c) after dropping G sb 

values by the d2s limit. 

(a) (b)

(c)

(a) (b)

(c)
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3.4. Summary and Conclusions 

The NCDOT has modified the asphalt mixture design procedures in part, to increase the 

asphalt content and address observed cracking issues with asphalt mixtures. The analysis 

presented in this chapter investigated how these recent changes have affected asphalt mixture 

designs with respect to composition and performance. 

The asphalt mix design procedures from before and after the most recent changes were 

identified and job mix formulas (JMFs) for mixture designed before and after the 2018 procedure 

update were extracted from HiCAMS for use in the main study analysis. The extracted job mix 

formulas were compared based on their volumetric and constituent composition, e.g., asphalt 

content, voids in mineral aggregate (VMA) at the design compaction level, and voids filled with 

asphalt (VFA) at the design compaction level. Comparisons were clustered by material type, 

supplier, division, traffic designation, and region to identify any non-uniform trends that may 

exist. Visual as well as statistical comparisons were utilized to assess the impacts of the 2018 

specification changes. In addition, the side study evaluated the effect of Ndesign on asphalt 

contents and VMA as well as the sensitivity of calculated VMA values to the variability in Gsb 

measurements utilizing a more extensive dataset that covered the years 2001 to 2021. 

The conclusions drawn based on comparisons of mixture composition are summarized 

below. 

¶ For mixture volumetrics statistical testing and comparisons, the results showed 

that: 

o The changes in mixture volumetric properties between different regions 

for each JMF category (Before 2018 change, Reclassified, and After 2018 

change) visually look very small.  



   

68 

 

o Surface mixtures used for the 0.3 to 3 million ESAL traffic category after 

the 2018 change have increased asphalt content by 0.7% (on average) 

compared with the mixtures used pre-2018. 

o Statistical testing of these changes showed that the majority of the average 

mean difference in VMA, VFA, and AC% before and after the change 

were less than 0.5, making them unsubstantial from an engineering 

perspective.  

o There is no practically significant difference among mixture volumetrics 

before versus after the 2018 change.  

¶ Recycled binder replacement analysis showed that:  

o The majority of the study mixtures contained RAP (61.4%) and most of 

these were surface mixes. 

o RAP/RAS mixtures are used more frequently than fractionated RAP mixes 

(18.5% vs 11.0%). 

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

replacement.  

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

o The geographical distribution assessment of RBR mixtures showed that 

Division 5 had the largest number of RAP mixes, Division 10 had the 

highest number of fractionated RAP mixes, and Division 1 had the largest 

number of RAP/ RAS and RAS mixes. 

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

2018 on the distribution of  JMFs containing recycled materials showed 
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that Division 1 had noticeable changes. For instance, RAP mixes have the 

highest presence after the 2018 change in Division 1 and RAP/RAS and 

RAS mixes jumped from 2.3% and 6.3% to 11.4% and 34.4% pre- versus 

post-2018, respectively. 

o Within the 14 evaluated divisions, only Divisions 1, 2, 4, and 8 had JMFs 

that included only RAS without any RAP. 

¶ The volumetric analysis of the recycled mixtures showed that: 

o The mean RAP content for the RAP mix was lower after 2018 while the 

mean virgin binder content was higher after the change. 

o For the fractionated RAP mixes, mean coarse RAP content decreased 

while means fine RAP and virgin binder contents increased after 2018. 

o For the RAS mixtures, a decrease in the mean RAS content after 2018 

change was found. 

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

mean values. 

¶ Design compaction level effect on asphalt content and VMA analysis showed 

that: 

o The asphalt content for RS9.5B mixtures changed by about 0.6% on 

average when comparing the 75 and 65 to the 50 gyrations data. 

o The asphalt content change in RS9.5B mixtures resulted in a 2% change in 

VMA on average. It is believed that this change is a result of the 

reclassification process for the RS9.5A mixtures to serve as RS9.5B 

mixtures. 
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o For RS9.5C mixtures, the asphalt content and VMA% did not change 

much as a result of changing Ndesign. 

¶ VMA sensitivity to changes in aggregate bulk specific gravity measurements 

analysis showed that: 

o Aggregate bulk specific gravity has a significant effect on the reported 

mixture volumetrics.  

o Dropping the Gsb values by one-third of the d2s limit will cause more than 

20% of the designed and approved RS9.5C mixtures to fail the VMAmin 

requirements. Dropping it by 0.052, the d2s limit will fail more than 60% 

of the RS9.5C mixtures. 

o Dropping the Gsb values by one-third of the d2s limit will not significantly 

affect the  RS9.5B mixtures. However, dropping it by 0.052 will fail more 

than 20% of the RS9.5B mixtures across the state. 

o RS9.5B mix type at 50 gyrations was less sensitive when compared to 

RS9.5C because RS9.5B mixtures had original VMA values that were 

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

OF THE SAME CLASSIFICATION  

 

This study presented in this chapter show that mixtures of the same traffic classification 

exhibit significant differences with respect to performance indices, mechanical properties, and 

pavement performance. Although some mixtures might have similar volumetric properties, the 

performance of these mixtures might be significantly different. The study also shows that with 

these performance discrepancies in a single traffic classification, an IVR function calibrated for a 

specific performance level will not be able to accurately predict other performance levels. This 

study highlights the need for restructuring the mixture classification system to be based on 

mixture performance rather than on volumetric design with the ultimate goal being performance-

based specification to eliminate the limitations introduced by the use of volumetric properties. 

The presented work herein has been submitted for publication in the Transportation 

Research Record, Journal of the Transportation Research Board, © National Academy of 

Sciences: Transportation Research Board 2024. It has been reprinted here according to SAGEôs 

author archiving and re-use guidelines. 

4.1. Introduction  

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

test methods and specifications to improve performance. A few SHAs have begun the process of 

implementing a cracking test in conjunction with a rutting test in a balanced mix design (BMD) 

approach. While there are three potential approaches to implementing a BMD procedure, most 

states follow Approach 1 in which each mix design must meet both the volumetric requirements 

plus the performance test criteria (West et al. 2018).  
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Specimen preparation and testing time have limited the frequency of testing needed for 

acceptance testing. As a result, most SHAs that currently require performance tests as part of 

their mix design procedures have not used them for acceptance and those that do, are not using 

them for payment determination (McCarthy et al. 2016). In addition to the testing requirements, 

many of the methods currently used by SHAs cannot be directly integrated into performance 

prediction models to estimate the long-term behaviors of the associated pavements.  

To address these shortcomings and to provide a total quality assurance (QA) system that 

integrates mix design with performance prediction, construction, acceptance and payment, a 

Performance-Related Specification (PRS) concept for design and construction of both concrete 

and asphalt pavements has been pursued since the early 1990s (Epps et al. 2002, Moulthrop and 

Witczak 2011). The concept of PRS is to measure key material and construction quality 

characteristics that relate to performance and use these relationships to predict performance 

during both design and construction. Within this concept, acceptance and payment are then based 

on the difference between as-designed and as-built performance predictions. 

One promising PRS approach integrates the Asphalt Mixture Performance Tester 

(AMPT) and its associated test methods. However, the use of AMPT performance test results for 

QA testing poses practical problems that are difficult to overcome. For example, the time 

required to fabricate performance test specimens and conduct all the performance tests is too 

long for the test results to be used efficiently in typical QA processes. Also, any adjustments to 

the mixture during construction should be based on acceptance quality characteristics (AQCs) 

that can be changed easily. Due to these limitations, the PRS framework should preferably 

employ AQCs that are commonly used in most SHAs' QA processes for asphalt pavements (e.g., 

volumetric properties, in-place density, etc.) (Chamberlin 1995).  
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To leverage these AQCs for PRS (or other) purposes, researchers have recently proposed 

the development of a Performance-Volumetric Relationship (PVR) and an associated Index-

Volumetrics Relationship (IVR) (Wang et al. 2019, Jeong et al. 2020). The idea of these 

relationships is to pre-calibrate the performance/index property variations as a function of AQCs. 

For the IVR, two material indices (Sapp for cracking and the Rutting Strain Index (RSI) for 

permanent deformation) are predicted based on the measurable volumetric properties of asphalt 

mixtures (Jeong et al. 2020). The IVR can be developed by conducting performance testing at 

four different volumetric conditions (referred to as four corners) at the project initiation phase. 

The IVR can then be used to predict the as-constructed performance indices using the AQCs 

measured during production. Using IVR, the QA processes currently used by SHAs do not 

change substantially. Common mixture properties, i.e., Pb, mixture bulk specific gravity (Gmb), 

and Gmm, are determined and used to calculate Va, VMA, and VFA. The measured properties 

(Pb, Va, VMA) of mixtures obtained from the plant along with in-place density values 

(percentage of Gmm) from the roadway, are input into the IVR to predict the index values. The 

difference between as-built performance indices and as-designed performance indices can be 

used to inform acceptance and payment.  

A four-step process is required to develop the IVR: (1) collect material properties, (2) 

determine four corners, (3) measure the volumetric properties and generate the design volumetric 

space, and (4) conduct performance tests and calibrate the IVR function. The general form of the 

IVR function is described in Equation (4.1) through (4.3). Further details regarding the 

development of the four corners and the calibration of IVR function are provided elsewhere 

(Wang et al. 2019, Jeong et al. 2020). 
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Where Index = material index (Sapp for fatigue cracking and RSI for permanent 

deformation), ɓ0, ɓ1, and ɓ2 = fitting coefficients, e = residual of the regression, %Gmm = in-place 

density, Va = design air void content, VMA = voids in the mineral aggregate, VFA = voids filled 

with asphalt, and IP = in-place. 

While the IVR can be useful for PRS (or other) purposes, it still requires experimental 

characterization, which can be time consuming and infeasible since the exact mixture to be used 

on any given project may not be known at the time a construction specification is issued. One 

solution to this problem is to define the material properties for a 'typical' mixture for a set, or 

class, of mixtures. The material properties for this 'typical' mixture would then be used to 

calibrate the IVR at the project initiation phase. However, this approach can be followed only if 

the properties of the mixtures within the same classification are reasonably similar. 

4.2. Objectives 

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

objectives;  

1) Assess and report the differences in mechanical properties and pavement 

performance between mixtures that were designed to serve the same traffic 

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

same traffic classification. 

4.3. Methodology 

4.3.1 Overview 

Three standard surface mixtures from North Carolina were sampled and tested. These 

mixtures were subjected to dynamic modulus testing, cyclic fatigue testing, and stress-sweep 

rutting testing. The mixture performance was first analyzed to identify the differences. Pavement 

performance simulations were then carried out using standard pavement structure and 

representative climate from North Carolina to evaluate the differences in the pavement 

performance resulting from the differences in the mechanical properties of the mixtures. Finally, 

the applicability of a single IVR function to a class of mixtures is checked. An IVR function, 

calibrated using a fourth reference mixture of the same classification as the three mixtures 

studied herein, is considered. The volumetric properties of the three mixtures are used within the 

IVR function to predict the indices. The percent error between the predicted indices and the 

measured indices from the performance testing is calculated to evaluate the suitability of using a 

single IVR function for an entire class of mixtures. 

4.3.2 Materials 

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

Carolina, designated in North Carolina DOT specifications as RS9.5C mixes. These mixtures are 

designed with a nominal maximum aggregate size of 9.5 mm, with the design number of 

gyrations being 65, and are meant to serve a traffic level of 3 to 30 million equivalent single axle 

loads (ESALs). The minimum VMA design requirement is 15.5% and the acceptable range for 

VFA is 65 -78.  North Carolina's climate is generally segregated into three regions: coastal, 

piedmont, and mountain. For this reason, one mixture from each region was included. The three 
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RS9.5C mixtures are referred to as CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C. While there are 

regional differences in terms of climate, the mixture design specifications are applied equally 

across the regions. In general, the constituent materials are similar across these regions, but each 

is dominated by different contractors. Each mixture was sampled into 5-gallon buckets by North 

Carolina DOT personnel and collected as loose mix material to be compacted in lab for testing. 

All the mixtures were produced by different contractors. 

The blended gradation of the three RS9.5C mixtures are shown in Figure 23. Figure 23 

demonstrates that CO_RS9.5C is the finest, followed by PI_RS9.5C and MO_RS9.5C. Mixture 

design information for the three evaluated mixtures is shown in Table 28. CO_RS9.5C is distinct 

from the other two mixtures because of its higher binder content resulting in higher effective 

binder content. Table 28 also contains the mixture design information for a reference RS9.5C 

mixture that was tested and evaluated in another study (Wang et al. 2020). The reference mixture 

is from the Piedmont region of North Carolina. The available dataset for the reference mix will 

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

chapter. 

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

Property  
RS9.5C 

CO PI MO Reference 

NMAS (mm) 9.5 9.5 9.5 9.5 

Binder Grade PG 64-22 PG 58-28 PG 64-22 PG 58-28 

Pay Binder Grade PG 64-22 PG 64-22 PG 64-22 PG 64-22 

Binder Content (%) 7 5.8 5.5 5.8 

Vbe (JMF) 14.6 12.6 11.9 12.7 

RAP Content (%) 20 40 30 30 

RBR (%) 14.0 35.9 26.2 24.3 

Ndes 65 65 65 65 

VFA (JMF) 77.8 76.2 75 76 

VMA (JMF) 18.6 16.6 15.9 16.8 

Gmm (JMF) 2.328 2.439 2.460 2.460 

Gmm (NCSU Measured) 2.367 2.536 2.730 NA 

 

4.3.3 Test Methods 

The mechanical characterization of the mixtures was conducted using the AMPT via 

dynamic modulus testing (AASHTO TP 132), cyclic fatigue testing (AASHTO TP 133), and 

stress-sweep rutting testing (AASHTO TP 134). The cyclic fatigue test temperature considered 

for all mixtures was 18°C. The stress-sweep rutting low test-temperatures for CO_RS9.5C, 

PI_RS9.5C, and MO_RS9.5C respectively were 29°C, 29°C, and 18°C. The stress-sweep rutting 

high test-temperatures for CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C respectively were 52°C, 

51°C, and 49°C.  

Included within these three test methods are specifications for specimen preparation 

(AASHTO R 83 and PP 99), determination of theoretical maximum specific gravity (AASHTO 

T 209), determination of bulk specific gravity (AASHTO T 166), and determination of percent 

air voids (AASHTO T 269). The target air-void content for all the mixtures was 5% +/- 0.5% for 

all test specimens. 
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4.3.4 Pavement Performance Simulations 

The AMPT performance tests allow the simulation of the mixture's performance in the 

context of a pavement structure under traffic load and climate conditions. The pavement 

performance predictions for the evaluated mixtures were generated using the AASHTO 

Pavement ME Design v2.6.2.2 and FlexPAVEÊ v2.1.6 since both simulation tools have been 

used in past NCDOT projects for evaluating mixtures from North Carolina. 

The Pavement ME software was selected for bottom-up fatigue cracking simulations 

since it was locally calibrated for North Carolina mixtures through the research efforts carried 

out under the FHWA\NC\2007-07 project (Kim 2011). For rutting simulations, FlexPAVEÊ 

was used since the Stress Sweep Rutting (SSR) test generates the perfect material level input for 

rutting performance predictions in FlexPAVEÊ and cannot be used to simulate rutting 

performance in Pavement ME software. The idea behind using Pavement ME for cracking 

evaluation was to make use of the available state local cracking calibration for producing the 

most accurate and realistic predictions that reflect the local state conditions since FlexPAVEÊ 

was not locally calibrated for North Carolina yet.  

The simplified VECD (S-VECD) model developed at NCSU can predict fatigue tests 

accurately under various temperature conditions and strain levels. The fatigue cracking material-

specific parameters (K factors) were determined using the S-VECD model replicating what was 

done under the FHWA\NC\2007-07 project after adjusting for the changes that happened to the 

cyclic fatigue test protocol (AASHTO TP133-2019). The specific material factors used to 

characterize each evaluated mixture's Pavement ME fatigue model were derived from the 

respective mixture cyclic fatigue test results and are shown in Table 29. In addition, the state 

local felid calibration coefficients used for the Pavement ME cracking simulations as 

recommended by the FHWA\NC\2007-07 project, are shown in Table 30. 
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Table 29. AC Fatigue Model Coefficients Utilized for Pavement ME Simulations. 

Mix  
Pavement ME AC Fatigue Calculated Model Coefficients 

K1 K2 K3 

CO_RS9.5C 1.51E+05 7.04E+00 4.22E+00 

PI_RS9.5C 1.37E+11 7.53E+00 5.46E+00 

MO_RS9.5C 9.03E+07 7.11E+00 4.83E+00 

 

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

Parameter Recommended Value 

ɓf1 3.50E-05 

ɓf2 0.72364 

ɓf3 0.6 

C1 0.24377 

C2 0.24377 

 

The selected traffic level for all the simulations in both Pavement ME and FlexPAVEÊ 

was 30 million equivalent single axle load repetitions (ESALs) over 20 years since all the 

evaluated study mixtures were RS9.5C mixtures which are specified for roads with 3-30 million 

equivalent single axle loads according to NCDOT specification. Two types of pavement 

structures were used for pavement performance prediction named as "thick" and "thin". The 

utilized two types of pavement structures for pavement performance prediction comprised an 

asphalt layer, an unbound aggregate base course layer, and a subgrade. The thickness of each 

layer was defined based on a combination of a statistical analysis of 43 pavement sections from 

NCDOT construction contracts as well as input from NCDOT personnel. Figure 24 presents the 

utilized two structures for the simulations along with the thicknesses of each layer and the 

respective Poisson ratio and elastic modulus value. The simulations were performed using the 

mechanical properties of different surface AC mixes (.i.e., CO_RS9.5C, PI_RS9.5C, and 

MO_RS9.5C). Climate data from North Carolina that represents the Piedmont region was 

utilized for all the pavement simulations. The climate station used in the simulations had a mean 

annual air temperature of 61.97 ºF and a mean annual precipitation of 47.09 inches. 
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Figure 24. Utilized pavement structures for Pavement ME and FlexPAVETM  simulations. 

4.4. Results and Discussion 

4.4.1 Dynamic Modulus Test Results 

The dynamic modulus results for each of the three primary mixtures are shown in Figure 

25 and Figure 26. The phase angle results from the dynamic modulus testing are shown in Figure 

27. Overall, the modulus of MO_RS9.5C is on average higher than PI_RS9.5C and CO_RS9.5C 

and PI_RS9.5C looks to have the higher phase angle values than the other two mixtures. 

MO_RS9.5C has a coarser gradation than the other mixtures and has the lowest effective binder 

content, which explains why this mixture has the higher modulus values. The phase angle values 

follow in that PI_RS9.5C has a higher binder content and higher effective binder content. Even 

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

percentage by twenty percent. 
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Figure 25. Dynamic modulus results (log-log plot) for RS9.5C. 

 

 
Figure 26. Dynamic modulus results (semi-log plots) for RS9.5C. 
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Figure 27. Phase angle results for RS9.5C. 

4.4.2 Cyclic Fatigue Test Results 

The cyclic fatigue test data resulting in damage characteristic curves for RS9.5C mixtures 

are shown in Figure 28 and Figure 29. The damage characteristic curve is a functional 

relationship between the specimen's integrity (pseudo stiffness, C) and the amount of damage, S, 

in the specimen. Figure 28 shows the damage characteristic curves for individual specimens. An 

indicator of the repeatability of the test is the overlap of the individual damage characteristic 

curves for a given mixture. Figure 29 shows the fitted damage characteristic curves for each 

mixture. Generally, the damage characteristic curves of higher modulus mixtures tend to be 

higher than those of other mixtures; however, this outcome does not imply better or worse 

performance. Although for a given S value, a higher modulus material exhibits higher C values 

(higher integrity), the higher modulus material might actually be more brittle and hence more 

prone to damage (i.e., the damage evolution is faster). This phenomenon can be reflected by 

higher C values at failure, indicating that the material becomes less tolerant to damage compared 

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

values among the three mixtures.  

The DR value indicates the material's diminishing fatigue resistance (Wang and Kim 

2017). The DR failure criterion is the slope of the relationship passing through zero between the 

average reduction in pseudo stiffness and the number of cycles to failure. It is worth mentioning 

that this DR definition was changed in the latest version of the standard. Figure 30 shows the 

individual data points that form the relationship that defines DR. The average DR values from 

each data point are shown in Figure 31. A higher DR value generally indicates better fatigue 

resistance compared to a lower DR value. The trend of DR shows that MO_RS9.5C is the worst 

performing, followed by CO_RS9.5C and finally PI_RS9.5C.  

However, the performance of the mixture cannot be evaluated solely based on the 

position of the damage characteristic curves or DR values because both the modulus and inherent 

fatigue resistance play a role in determining the mixtureôs fatigue performance within a 

pavement. If two mixtures have the same fatigue resistance, but one has a higher modulus than 

the other, the higher modulus mixture will have a longer fatigue life. Similarly, a more fatigue-

resistant mixture will have a longer fatigue life than another mixture of similar modulus but less 

fatigue resistance. Sapp is an index parameter that was developed to account for these two factors 

(modulus and fatigue resistance) that affect the cracking potential of a mixture and is based on 

VECD theory (Wang et al. 2020). A higher Sapp value generally indicates better fatigue 

resistance compared to a lower Sapp value. The Sapp values are shown in Figure 32. PI_RS9.5C 

has the highest Sapp value followed by CO_RS9.5C and then MO_RS9.5C. The Sapp values 

shown below make sense because of MO_RS9.5C having the lowest effective binder content and 

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

other two mixtures, therefore resulting in better fatigue performance. 

 
Figure 28. C vs. S damage curves (individual specimen values) for RS9.5C. 

 
Figure 29. C vs. S damage curves (fitted values) for RS9.5C. 
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Figure 30. Cum. (1-C) vs. Nf for RS9.5C. 

 
Figure 31. Average DR values for RS9.5C. 
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Figure 32. Representative Sapp values for RS9.5C. 

4.4.3 Stress-Sweep Rutting Test Results 

The RSI values for RS9.5C mixtures are shown in Figure 33, Figure 34, and Figure 35 

calculated using the climatic conditions of Wilmington (Coast), NC, Wake Forest (Piedmont), 

NC, and Asheville (Mountains), NC, respectively. The RSI is the average permanent strain (in 

percent) and is defined as the ratio of the permanent deformation in an asphalt layer to the 

thickness of that layer at the end of a 20-year period, over which 30 million 18-kip standard axle 

load (ESAL) repetitions are applied to a standard structure (Ghanbari et al. 2020). A mixture 

with lower RSI values has more rutting resistance than a mixture with higher RSI values. Each of 

the mixtures is from a specific region, therefore the RSI values in three different locations are 

shown. MO_RS9.5C has the best rutting performance in all locations, followed by CO_RS9.5C 

and PI_RS9.5C. MO_RS9.5C has the lowest effective binder content and the coarsest gradation 

resulting in this performance. 
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Figure 33. Rutting strain index values (Wilmington, NC) for RS9.5C. 

 
Figure 34. Rutting strain index values (Wake Forest, NC) for RS9.5C. 



   

88 

 

 
Figure 35. Rutting strain index values (Asheville, NC) for RS9.5C. 

4.4.4 Traffic Designation Based on Mixture Performance 

It is interesting to note from Figures 32, 33, 34, and 35 that for Sapp, PI_RS9.5C is 

classified as ñVery Heavyò, CO_RS9.5C is classified as ñStandardò, and MO_RS9.5C is 

classified as ñStandardò. For RSI, each mixture is classified as ñStandardò using their location-

specific climatic conditions, but they are classified as ñHeavyò for the other two locations. The 

traffic designation for all three mixtures therefore falls under ñStandardò. For CO_RS9.5C, 

depending on location, the designation could be controlled by fatigue performance and the same 

goes for MO_RS9.5C. According to the North Carolina DOT QMS manual, these mixtures are 

classified to handle 3 to 30 million ESALs. This shows according to the Sapp thresholds defined 

in the literature (Wang et al. 2020), these mixtures could be classified as ñStandardò or ñHeavyò. 

For Sapp, PI_RS9.5C over performs with a classification of ñVery Heavyò. For RSI thresholds as 

defined in the literature (Ghanbari et al. 2020), all three mixtures meet the category in which 

they were designed. 

4.4.5 Pavement Performance Simulations 

As explained in the methodology section, the pavement performance predictions for the 

evaluated mixtures were generated using the AASHTO Pavement ME Design v2.6.2.2 and 
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FlexPAVEÊ v2.1.6. The Pavement ME software was selected for bottom-up fatigue cracking 

simulations since it was locally calibrated for North Carolina mixtures. FlexPAVEÊ was used 

for the asphalt rutting simulations. Specific material factors (K factors) needed to characterize 

each evaluated mixture's Pavement ME fatigue model were derived from the respective mixture 

cyclic fatigue test results and were used in the Pavement ME simulations. Material inputs for the 

pavement performance simulations are available in Appendix E for reference.  

Figure 36 shows the bottom-up cracking results for both, thin and thick sections. 

CO_RS9.5C mix was the worst-performing mixture, followed by the MO-RS9.5C. The 

PI_RS9.5C mixture was the best-performing mixture with a bottom-up cracking percent that did 

not exceed 18% and 10% for thin and thick sections, respectively. Increasing the section 

thickness for the MO_RS9.5C mixture significantly dropped the bottom-up cracking percentage 

from 61% to 25%. However, that was not the case for the CO_RS9.5C mixtures. This may be 

attributed to the fact that MO_RS9.5C has a coarser gradation than the other mixtures and has 

higher modulus values that translate into a better-performing mixture when placed in a thicker 

pavement section. 

Figure 37 shows the asphalt rutting experienced by the thin and thick pavement sections. 

PI_RS9.5C had the highest rut depth values for thin and thick sections. This may be due to the 

fact that the PI_RS9.5C mixture had higher modulus values than the other mixtures. The 

CO_RS9.5C and the MO_RS9.5C mixtures had an almost identical rutting performance for thin 

and thick sections. It is worth mentioning that the mixture rutting performance results (RSI) and 

the rutting pavement performance results similarly ranked the mixtures. 

Figures 38 and 39 show the overall pavement performance results for thin and thick 

pavements, respectively. The figures emphasize the importance of applying the balanced mix 
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design and establishing the links between the mix design and the pavement design. Considering 

the standard terminal limits for cracking and rutting of 25% and 6.35 mm from Pavement ME, a 

mixture like PI_RS9.5C, when placed in a thin section (4 inches), would have failed in rutting at 

the end of 20 years of design life while having about one-third of it cracking capacity left 

unused. In addition, a mixture like the MO_RS9.5C, with low effective binder content, coarse 

gradation, and high modulus values, showed excellent performance and was more balanced when 

placed in a thick pavement section. This analysis demonstrated that relying only on mixtures 

volumetrics will not provide an accurate or even close representation of the mixture and 

pavement performance. 

 
Figure 36. Bottom-up fatigue cracking pavement performance of the simulated thin and 

thick pavement sections. 
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Figure 37. Asphalt rutting pavement performance of the simulated thin and thick 

pavement sections. 

 
Figure 38. Overall pavement performance of the simulated thin pavement sections. 
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Figure 39. Overall pavement performance of the simulated thick pavement sections. 

4.4.6 Index-Volumetrics Relationship Validation 

Even though performance indices and mechanical properties were compared to examine 

differences in mixtures of the same classification, as shown in the previous section, this process 

does not show the practical significance of the differences in the mixture with respect to defining 

a mixture specific IVR function.  

PRS utilizing IVR can provide a means by which the performance indices of asphalt 

mixtures can be predicted using only volumetric properties. As described in the introduction 

section, this process takes time and effort, with establishing four corners and then conducting 

numerous performance tests at each volumetric condition to calibrate the IVR function. If this is 

done for every mixture, time and resources will be strained, even at the project initiation phase. 

The goal with PRS and the IVR function is to possibly establish mixture class IVR functions. 

This way, not just a single mixtureôs IVR will be established but multiple mixturesô too.  

This section compares the indices for the RS9.5C mixtures and those predicted from an 

IVR calibrated using a fourth mixture. The coefficients obtained for this IVR function were used 
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to predict the index parameters for the three RS9.5C mixtures mentioned above. The measured 

indices and the predicted indices were then plotted against one another to give a comparison. 

By examining Table 28, some similarities and differences can be found between the four 

RS9.5C mixtures. The reference mixture is from the Piedmont region of North Carolina, 

specifically Holly Springs, North Carolina. This mixture shows similarities to PI_RS9.5C. Both 

have the same binder grade, which is softer than the other mixtures. Both have the same binder 

content and almost the same effective binder content, even though the RAP content is different. 

The design volumetric properties of these two mixtures are also very similar.  

The IVR calibrated using the fourth reference RS9.5C mixture is shown in Equation (4.4) 

and Equation (4.5) for Sapp and RSI. The details regarding the process of the calibration of the 

IVR function is provided elsewhere (Wang et al. 2019, Jeong et al. 2020). 

 

105.155 4.072 0.816app IP IPS VMA VFA=- + ³ + ³       (4.4) 

 

13.927 0.776 0.067IP IPRSI VMA VFA=- + ³ + ³         (4.5) 

 

 

To compare the three RS9.5C mixtures against the reference mixture, the voids in 

mineral aggregate in-place (VMAIP) and voids filled with asphalt in-place (VFAIP) needed to be 

calculated using the actual air void contents of the specimens that were used for performance 

testing instead of the design air void content. By introducing the added volume of air to the 

overall volume of the mixtures, the VMAIP and VFAIP could be calculated by using Equation 

(4.2) and Equation (4.3). The VMAIP and VFAIP were then input into the IVR function to 

obtain the predicted index parameters.   
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Figure 40 shows the volumetric space for the reference mixture which is used to calibrate 

the IVR function. By examining the figure, PI_RS9.5C and MO_RS9.5C are located within the 

calibrated volumetric space for the reference mixture, while CO_RS9.5C is outside of this space. 

 
Figure 40. Volumetric space for the reference mixture and the three RS9.5C mixtures 

considered in this study. 

The comparison of CO_RS9.5C, PI_RS9.5C, and MO_RS9.5C against the reference 

mixture is shown in Figure 41 and Figure 42 for Sapp and RSI, respectively. CO_RS9.5C, 

PI_RS9.5C, and MO_RS9.5C are designated using the same colors as in the experimental results 

comparison. The verification data points are variations of the reference mixture in terms of 

gradation, design air void content, and test specimen air void content (not used in the IVR 

calibration) that were predicted using IVR.  

By examining Figure 41, PI_RS9.5C was predicted to have a Sapp value of 24.12 but had 

an actual value of 31.20 (an error of 22.68%). MO_RS9.5C was predicted to have a Sapp value of 

20.50 but had an actual value of 13.10 (an error of 56.51%). Even though the difference in the 

measured values is high, the two mixtures look to be similar based on the plot. The difference in 

the predicted and actual values could be attributed to the lower effective binder content of 
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MO_RS9.5C. Because of this, the VMAIP of MO_RS9.5C is lower and close to the threshold of 

the calibrated volumetric space as shown in Figure 40.  

CO_RS9.5C has been predicted to have a Sapp value of 34.65 but an actual value of 22.60 

(an error of 53.31%). The predicted value may be greater because the effective binder content is 

greater than the reference mixture. This higher effective binder content is increasing the VMAIP, 

thus causing the predicted value to be greater. The prediction is not matching the measurement 

value because the VMAIP value for this mixture is outside the volumetric space that was 

established by the variations of the reference mixture; thus, it is an extrapolation issue.  

By examining Figure 42, CO_RS9.5C has a predicted RSI value of 6.12 and an actual 

value of 5.07 (an error of 20.71%). MO_RS9.5C has a predicted RSI value of 3.75 and an actual 

value of 4.37 (an error of 14.11%). PI_RS9.5C has a predicted value of 4.38 but an actual value 

of 8.05 (an error of 45.57%).  

The higher value of RSI for the measured value of PI_RS9.5C could have various causes. 

The RAP content of PI_RS9.5C was 40% instead of 30% like with the reference mixture. This 

along with the %RBR seem to make this mixture softer compared to the reference mixture 

causing the actual RSI value to be higher. Other than this reason, it is difficult to explain why the 

actual RSI for PI_RS9.5C is different than the predicted value. 
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Figure 41. IVR Comparison of Sapp. 

 
Figure 42. IVR Comparison of RSI. 

This comparison shows that the volumetric properties can cause some differences in the 

predicted performance, especially if the reference mixture used to calibrate IVR performs 

differently than the mixtures that the IVR tries to predict the performance of. CO_RS9.5C is 

predicted to perform better than the actual values with respect to fatigue cracking and predicted 

to perform worse than the actual values with respect to permanent deformation because of the 

volumetric properties considered in the IVR function. PI_RS9.5C is predicted to perform worse 



   

97 

 

than the actual values with respect to fatigue cracking and predicted to perform better than the 

actual values with respect to permanent deformation because of the volumetric properties 

considered in the IVR function. MO_RS9.5C is predicted to perform better than the actual values 

with respect to fatigue cracking and to perform better than the actual values concerning 

permanent deformation because of the volumetric properties considered in the IVR function.  

Because of the differences between the actual and predicted values from the IVR 

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

This finding is specifically true if the current volumetrics-based mixture classification system 

categorized for different traffic levels is maintained. The analysis presented in this study show 

the discrepancies in performance between mixtures that follow a single traffic classification. 

With these performance discrepancies, an IVR function calibrated for a specific performance 

level will not be able to accurately predict other performance levels.  

This finding also emphasizes how important integrating performance assessment of 

mixtures is for classification and categorization purposes. Here, it is seen that four mixtures, 

designed under the same set of specifications can yield very different behaviors and hence 

performance attributes. This need for better performance consistency from mixtures within the 

same classification may become even more pronounced when applying methods like PRS. This 

finding also highlights the importance of considering performance over volumetrics. Two 

mixtures with similar volumetric properties could perform significantly differently. While PRS is 

an attractive option since it combines the strength of fundamental engineering properties as well 

as the simplicity of measuring volumetric properties for QA, the inherent drawbacks of using 

volumetric properties would still propagate. Only a true performance-based specification, where 

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

properties. 

4.5. Conclusions 

This researchôs objective was to investigate the differences in mixtures of the same traffic 

classification. These mixtures are three surface RAP mixtures (designated as RS9.5C) from 

North Carolina meant to serve a traffic level of 3 to 30 million ESALs. The mixtures are 

obtained from three regions within North Carolina: Piedmont (PI), Coast (CO), and Mountains 

(MO). These mixtures were evaluated by conducting dynamic modulus, cyclic fatigue, and 

stress-sweep rutting testing using the AMPT. Mixtures performance, as well as the pavement 

performance, were compared. In addition, the applicability of a single IVR function calibrated 

based on one reference mixture to other mixtures within the same traffic classification was 

evaluated. Based on the conducted analysis, the drawn conclusions are as follows: 

1) For dynamic modulus, PI_RS9.5C is softer than the other two mixtures. 

CO_RS9.5C is different than MO_RS9.5C until the temperature is increased to 

40°C. MO_RS9.5C has the highest dynamic modulus values. PI_RS9.5C has the 

lowest dynamic modulus values.  

2) For phase angle data, the three mixtures are different for all temperatures with 

PI_RS9.5C having the highest phase angle values and the CO_RS9.5C having the 

lowest phase angle values. 

3) For cyclic fatigue data, all three mixtures are different with PI_RS9.5C having the 

best performance and MO_RS9.5C having the worst performance.  

4) For the stress-sweep rutting data, CO_RS9.5C and MO_RS9.5C were almost 

similar in RSI. PI_RS9.5C is different than the other two mixtures and is the 

worst performing in terms of RSI.  
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5) The bottom-up cracking results for both, thin and thick sections showed that 

CO_RS9.5C mix was the worst-performing mixture, followed by the MO-

RS9.5C. The PI_RS9.5C mixture was the best-performing mixture with a bottom-

up cracking percent that did not exceed 18% and 10% for thin and thick sections, 

respectively. 

6) Asphalt rutting performance simulations showed that PI_RS9.5C had the highest 

rut depth values for thin and thick sections. The CO_RS9.5C and the 

MO_RS9.5C mixtures had an almost identical rutting performance for thin and 

thick sections. 

7) All in all, this study shows that mixtures within the same traffic classification can 

perform differently. In other words, although some mixtures might have similar 

volumetric properties, the performance of these mixtures might be significantly 

different. 

8) With these performance discrepancies, an IVR function calibrated for a specific 

performance level will not be able to accurately predict other performance levels. 

9) The IVR comparison shows that the volumetric properties can cause large 

differences in the predicted performance, because the reference mixture used to 

calibrate IVR performs differently than the mixtures that the IVR tries to predict 

the performance of.  

10) Because of the differences between the actual and predicted values from the IVR 

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

ideal solution. 
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This finding suggests that SHAs could consider restructuring their mixture classification 

system to be based on mixture performance rather than on volumetric design, if they are 

interested in applying PRS in the future. While PRS is an attractive option since it combines the 

strength of fundamental engineering properties as well as the simplicity of measuring volumetric 

properties for QA, the inherent drawbacks of using volumetric properties would still propagate. 

This alludes to the importance of setting performance-based specifications rather than PRS as the 

ultimate goal to address the limitation introduced by volumetric properties. Future work could be 

a further investigation into the differences of these mixtures to explain why they perform 

differently. This could include conducting a larger study involving more mixtures from different 

regions with different nominal maximum aggregate size and conduct long-term performance and 

cost assessment of those differences. 
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CHAPTER 5. MECHANICAL PROPERTIES AND PERFORMANCE  OF HIGH 

RECYCLED CONTENT MIXTURES  DESIGNED USING ALTERNATIVE 

APPROACHES 

 

As indicated in Figure 1, this chapter presents a case study showing how the current 

interpretation of the volumetric properties of RAP and RAS mixtures is erroneous and can lead 

to performance consequences. Using recycled asphalt materials in asphalt mixtures is very 

common among transportation agencies. Virgin mixtures are rare in North Carolina today. In this 

chapter, mixtures from three different sources were evaluated and systematically redesigned to 

consider recycled binder availability, that is, the proportion of total binder in a given RAM 

source that is available to blend and contribute to the mixture performance. The work presented 

herein demonstrates how an incorrect assumption of the recycled binder availability in mixture 

design significantly affects the inferred asphalt mixture volumetric properties and performance. 

The results show that the volumetric properties and performance change considerably as a result 

of considering recycled binder partial availability.  

The presented work herein has been submitted for publication in the Transportation 

Research Record, Journal of the Transportation Research Board, © National Academy of 

Sciences: Transportation Research Board 2024. It has been reprinted here according to SAGEôs 

author archiving and re-use guidelines. 

5.1. Introduction  

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

recycled asphalt shingles (RAS) usage since the recycled binder contained within these materials 

is generally oxidized, which cause increases in its viscosity and brittleness. RAS generally 

contains binder that is more highly oxidized than RAP, which imposes higher restrictions on its 

use. North Carolina Department of Transportation (NCDOT) restricts the recycled materials 
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content permitted in asphalt mixtures based on their type (i.e., traffic designation) and the layer 

in which the mixture will be placed. The NCDOT permits RAS contents up to 5 percent of a total 

mixtureôs mass as long as the Recycled Binder Replacement ratio (RBR) does not exceed 20 

percent for surface mixtures or 23 percent for the base and intermediate mixtures. If RAP is 

combined with RAS or used independently, the maximum permitted RBR ratio is 40 percent for 

the surface mixtures and 45 percent for the base and intermediate mixtures. In the cases where 

the RBR exceeds 30 percent, or the mix contains any amount of RAS, NCDOT requires the use 

of a softer binder grade (PG 58-28) than used for mixtures with lower RBRs (PG 64-22) (North 

Carolina Department of Transportation 2022). 

(Kim et al. 2011) evaluated the effects of RAP and RAS on asphalt mixture performance 

of mixtures designed according to NCDOT volumetric mixture design specifications that align 

with AASHTO R 35. The fatigue damage resistance and rutting resistance of 12 different North 

Carolina surface, intermediate, and base layer mixtures were evaluated. It was found that RAP 

mixtures, compared to non-RAP mixtures from comparable sources and classifications, showed 

systematically lower cracking resistance and higher rutting resistance. However, other studies on 

North Carolina mixtures (Khosla and Visintine 2011, Ramoju 2015, Khosla and Musthy 2016) 

suggested that the increase in the recycled material content yields better cracking and rutting 

performance. It is important to note that these latter studies relied on dynamic modulus tests to 

infer cracking resistance and did not directly measure the cracking resistance of the mixtures. 

While the dynamic modulus test has the ability to provide a measure of the expected strains that 

a pavement under traffic loading will experience, it fails to quantify damage resistance. Since the 

recycled materials contain oxidized and aged binders, the damage resistance will be degraded 

and should be evaluated through a cracking test and not dynamic modulus testing alone.  
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One limitation of the majority of volumetric mixture design methods specified today, 

including the NCDOTôs, is that they do not account for the role of Recycled Binder Availability 

(RBA) on the composition of asphalt mixtures. RBA is a term used to describe the proportion of 

recycled binder in a given RAP or RAS source that is available to blend within virgin asphalt 

binder in a mixture (Mocelin and Castorena 2022). Unavailable recycled binder is often regarded 

as a óblack rockô. Volumetric mixture design procedures that ignore RBA may have a lower 

effective asphalt content, and in turn, Voids in Mineral Aggregate (VMA) content, than intended. 

Consequently, current volumetric mixture design procedures may not provide optimum 

performance for asphalt mixtures containing recycled materials.  

Performance tests to complement the volumetric mix design is considered necessary to 

ensure satisfactory material performance is achieved (Hajj et al. 2019). Performance testing was 

recommended as part of the Superpave mix design procedures during its development. However, 

a lack of implementable test methods at the time of the original Superpave system development 

precluded the adoption of performance testing in mixture design. More recently, performance-

Engineered Mix Design (PEMD) and Balanced Mix Design (BMD) methods have emerged and 

are undergoing implementation in many states. In these methods, the resultant mixture 

performance is measured during the design process. BMD methods implement index tests that 

yield empirical or semi-empirical measures that are related to the true material performance. In 

contrast, more fundamental tests that yield mechanistically-based parameters are utilized in the 

PEMD approach. Because these approaches directly measure the performance of asphalt 

mixtures, they offer a means to ensure sufficient durability is achieved even when RBA is 

unknown and unaccounted for. Furthermore, optimizing mixture performance may permit the 

use of higher recycled material contents by offsetting their adverse effects through changing 
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constituent material properties and proportions. It is important to mention that while there are 

four potential approaches according to AASHTO PP 105 for implementing a BMD procedure, 

most states follow Approach A, in which each mix design must meet both the volumetric 

requirements plus the performance test criteria. Thus, an improved understanding of how partial 

RBA can be addressed within the volumetric proportioning could help enable the design of high 

recycled content mixtures that meet specified performance requirements. 

Zhou et al. (2011) proposed a BMD high RAP mix design method for the Texas 

Department of Transportation (TxDOT), in which the optimum asphalt content was selected 

based on achieving preset thresholds for rutting, cracking, and moisture damage at specified 

mixture density requirements. Requirements for VMA were omitted in the method due to the 

uncertainties in determining the RAP aggregate specific gravity and unknown RBA. Sabouri 

(2020) demonstrated the viability of using a PEMD approach to optimize RAP mixtures. He 

designed mixtures at three different RAP contents (0%, 20%, and 40%) and evaluated the effects 

of asphalt content on performance to optimize the mixtures to achieve satisfactory rutting and 

cracking performance. The approach used mechanistic performance test results and 

accompanying pavement performance predictions. Neither of the aforementioned approaches 

directly considered partial RBA or its effects on the design of the aggregate structure of asphalt 

mixtures. 

Several methods exist to address RBA within volumetric mixture design procedures. The 

corrected Optimum Asphalt Content (COAC) method was developed by Georgia DOT in 2013 

based on the experimental results that suggest incomplete blending in RAP mixtures (Stroup-

Gardiner 2016). This method has been formalized in Georgia DOTôs Standard Operating 

Procedure 2, Appendix D, which is used to calculate the COAC for mixtures with RAP and RAS 
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(Georgia Department of Transportation 2019). The method is also implemented by South 

Carolina Department of Transportation (Abdelaziz et al. 2021). In the COAC approach, a mix is 

designed following the standard Superpave procedure to select the Original Optimum Binder 

Content (OOBC). Then, the virgin asphalt content is increased in an amount equal to the 

unavailable recycled binder content, yielding the Corrected Optimum Asphalt Content (COAC). 

Georgia DOT assumes that 60 percent RBA, while South Carolina DOT assumes the RBA is 

equal to 75 percent. Both percentages are fixed, irrespective of the recycled material source or 

characteristics. The volumetric properties of the final mix design are not checked or reported at 

the COAC, and since COAC is higher than OOAC, the final mix design volumetric properties 

will be unknown. (Norouzi et al. 2017) evaluated the performance of the mixtures designed 

using COAC compared to the conventional practice. The evaluated mixtures were 12.5-mm 

Nominal Maximum Aggregate Size (NMAS) surface mixtures prepared based on two different 

JMFs collected from northern and southern Georgia. Cyclic fatigue and dynamic modulus testing 

were conducted on mixtures prepared at the OOAC and COAC asphalt contents. The dynamic 

modulus and cyclic fatigue test results were used to characterize the Simplified Viscoelastic 

Continuum Damage (S-VECD) model for each of the evaluated mixtures, and the Layered 

Viscoelastic pavement analysis for Critical Distresses (LVECD) program was used for pavement 

analysis. The study concluded that the fatigue resistance of the COAC mixtures was significantly 

better than the mixtures prepared at the OOAC. However, since no rutting tests were done as part 

of this study, the paper did not comment on or evaluate the consequences of the COAC on 

rutting resistance. 

Mocelin and Castorena (2022) and  Mocelin et al. (2023) introduced an alternative 

method to address RBA in mixture design, so-called Availability Adjusted Mix Design 
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(AAMD), and compared it to the COAC method. The AAMD method was developed based on 

fundamental insight from tracer-based microscopy and sieve analysis investigations of asphalt 

mixtures. These investigations show that partial RBA is a consequence of agglomerations of 

adhered RAM particles. Cracks propagate around the agglomerations, suggesting they are black 

rocks. Consequently, the AAMD method uses the RAP and RAS gradation rather than their 

recovered aggregate gradations to design the aggregate structure. The extent of agglomeration, 

and in turn, RBA can be quantified from comparative sieve analysis of RAP and recovered RAP 

aggregate. The RBA is used to adjust volumetric calculations within the AAMD method to 

attribute the unavailable recycled binder volume to the bulk aggregate volume in the mixture. 

Mocelin et al. (2023) redesigned control mixtures that were designed according to current 

NCDOT specifications from two sources according to the AAMD and COAC methods. The 

alternative mixture designs were evaluated only using the Indirect Tension Asphalt Cracking 

Test (IDEAL CT) and the Asphalt Pavement Analyzer (APA), which are test methods commonly 

used in BMD approaches. The study concluded that both the AAMD and COAC approaches 

improve the cracking resistance of the mixtures compared to the current NCDOT practices that 

do not consider partial RBA. However, the use of the COAC method has increased the rutting 

susceptibility experienced by the mixtures in terms of APA rut depths, while AAMD method did 

not detrimentally affect rutting resistance when compared to the control mixtures. However, the 

study did not evaluate the fundamental tests used in PEMD or consider the implications of the 

observed material-level effects on structural-level pavement performance.  

Additional research is needed to further evaluate the COAC and AAMD methods that 

encompasses additional materials and considers both index and fundamental tests. This study 

builds on Mocelin et al. (2023) study to further evaluate and compare the COAC and AAMD 
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mixture design methods. This study leverages the mixture designs prepared and evaluated by 

Mocelin et al. (2023). An additional control RAP mixture and a baseline virgin mixture from a 

third source were also evaluated and used as the basis for preparing AAMD mixture designs at 

the control and elevated RAP contents. All study mixture designs were evaluated utilizing an 

asphalt mixture performance tester (AMPT) in an effort to evaluate the generalizability of the 

past studyôs findings to PEMD methods. Collective AMPT and index tests were used in this 

study to evaluate material-level indicators of cracking and rutting resistance. Additionally, 

pavement performance simulations implemented using Pavement ME and FlexPAVETM were 

conducted to assess how the observed material-level differences propagate to differences into 

structural level pavement performance. In total, this paper evaluated three control, three virgin, 

two COAC, three AAMD, and two higher RAP AAMD mixtures by means of CTindex, APA, 

dynamic modulus, cyclic fatigue, and Stress Sweep Rutting (SSR) tests, in addition to, pavement 

simulations conducted via Pavement ME and FlexPAVETM. That makes it one of the rare papers 

that evaluated the use of recycled material effects on the same mixtures through many lenses, 

from index testing to pavement simulations. 

5.2. Objectives 

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

to conventional volumetric proportioning approaches through laboratory index and AMPT tests 

and pavement performance simulations. 

5.3. Methodology and Materials 

5.3.1 Naming Convention 

The experimental plan encompasses a total of 13 mixtures: three control mixtures 

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

mixtures; five mixtures designed according to the AAMD method; and two mixtures adjusted 
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using the COAC-based approach. The control and virgin mixture designs are mixture designs 

produced by local contractors and approved by the NCDOT. Each control mixture was 

redesigned according to the AAMD method, maintaining the control RAM content. RAM 

content herein refers to the aggregate stockpile proportion from a given RAP source. Two 

control mixtures were also designed at 50 percent RAP content. It is important to note that 

AAMD and COAC mixtures from two of the three sources (designated A and G) were designed 

by Mocelin et al. (2023) whereas a third source (designated H) was used to produce additional 

mixture designs herein. The Plant A and G index test results obtained by Mocelin et al. (2023) 

are also leveraged herein. AMPT testing of the Plant A and G mixtures was conducted as part of 

this study. In addition, both index and AMPT testing of the Plant H mixtures was completed as 

part of this study.  

A naming convention was adopted and used herein to simplify the tracking and 

presentation of the study mixtures. Each study mixture is represented by a three-section name, in 

which the first section is a letter that represents the materialôs source, the second section provides 

the recycled material composition and percentage (%RAP/%RAS), and the last section provides 

the mix experimental classification with C indicating a mixture designed according to the 

NCDOT requirements (control or virgin), COAC indicates a mixture adjusted according to the 

COAC-based approach, and AAMD indicating the mix redesigned using the AAMD framework. 

For example, the AAMD mixture from Plant G, with 26% RAP and 5% RAS is named G-26/5-

AAMD. The baseline virgin mix from the same plant is named G-0/0-C. 

5.3.2 Control Mixture Designs 

The control and virgin mixture designs used in this study were selected from existing Job 

Mix Formulas (JMF) approved by the NCDOT. The control mixtures were prepared by the local 

contractors from which the materials were sourced following the North Carolina Department of 
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Transportation (NCDOT) specifications, which assume complete RBA (North Carolina 

Department of Transportation 2022). The baseline virgin mixtures were produced using 

aggregates from the same stockpiles as the respective control mixture and used as references 

without recycled materials. The virgin mixtures also contained the same virgin binder as the 

respective control mixture except for Plant G. Since the control mixture from this plant had RAS, 

a different performance grade (PG) was used for the virgin mix following the NCDOT 

specifications (North Carolina Department of Transportation 2022). 

The control RAM and baseline virgin mixture designs were verified to meet the specified 

volumetric requirements prior to test specimen fabrication or alternative mixture design 

preparation. It is important to note that North Carolina mixtures are generally designed with 

VMAs well above the specification limits (Underwood et al. 2021); hence, the high VMA values 

for the control and baseline virgin mixtures utilized in this study reflect typical values in the 

state. 

Three control asphalt mixtures were evaluated in this study. The three mixtures were 

sourced from different plants, denoted A, G, and H, to preserve supplier anonymity. The Plant A 

and G mixtures were verified in Mocelin et al. (2023), while Plant H mixtures were verified as 

part of this study. Two mixtures contained RAP, and one contained both RAP and post-consumer 

RAS.  

All control and virgin mixtures are classified as RS9.5C by the NCDOT, which are 

specified for roads with 3 to 30 million design equivalent single axle loads (ESALs). The control 

RAP mixtures from Plants A and H contain 30 and 35 percent RAP, respectively, while the 

control mixture from Plant G contains 26 percent RAP and 5 percent RAS, expressed in terms of 

RAM aggregate stockpile proportions. The Plant H mixture contains fractionated RAP with a 40 
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to 60 percent blend ratio between the coarse and fine RAP stockpiles. The characteristics of the 

virgin and control mixtures are shown in Table 31 along with the specifications for RS9.5C 

mixtures. The reported AASHTO high-temperature performance grades (HPGs) were calculated 

using a linear blending chart formed using the recycled binder and virgin binder HPG values, and 

therefore the calculated blended HPG values should be interpreted as approximations. The total 

binder blend HPG values in the table were calculated using the total RBR values. 

Table 31. Characteristics of control and virgin mixtures. 

Mix properties 

Plant A Plant G Plant H 

Specification 

limits 

A-

0/0- 

C 

A-

30/0- 

C 

G-

0/0- 

C 

G-

26/5- 

C 

H-

0/0- 

C 

H-

35/0- 

C 

Total binder content (%) 6.7 6.0 7.0 6.2 7.2 6.0 -- 

Virgin binder content (%) 6.7 4.4 7.0 3.7 7.2 4.3 -- 

RAP (%) 0.0 30.0 0.0 26.0 0.0 35.0 -- 

RAS (%) 0.0 0.0 0.0 5.0 0.0 0.0  

Total Binder Blend HPG 67 75 67 84 66.7 74.5 -- 

VMA (%) 18.0 16.8 19.0 17.9 20.8 16.8 Min. 15.5 

VFA (%) 77.7 76.1 78.9 77.7 81.0 76.2 65 - 78 

DP 0.90 1.08 0.95 1.18 0.80 1.02 0.6 - 1.4 

 

5.3.3 Recycled Binder Availability Measurements (RBA) 

Measurement of the RAM source-specific RBA followed the methods employed by 

Mocelin and Castorena (2022), Pape and Castorena (2022), and Mocelin et al. (2023). RAP RBA 

was determined through comparative washed sieve analyses of the RAP and recovered RAP 

aggregate according to the method proposed by (Pape and Castorena 2022). The gradation of the 

RAP is termed the black curve and the gradation of the recovered aggregate is termed the white 

curve. The difference between the black and white curves indicates the extent of agglomeration 

and in turn proportion of total recycled binder that is locked inside of agglomerations and 

therefore, unavailable to blend with virgin asphalt. Tracer-based microscopy was used to 

quantify RAS binder availability and verify the results of sieve analysis following the specimen 
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fabrication and analysis procedure proposed by (Pape and Castorena 2021). Mocelin et al. (2023) 

characterized and reported the RAM RBA values for Plants A and G whereas the RAP binder 

availability of the Plant H coarse and fine RAP stockpiles was quantified specifically for this 

study. The resultant RAP RBA values Plants A, G, and H coarse, and H fine are 56 percent, 47 

percent, 44 percent, and 59 percent, respectively. The RAS availability used for Plant G was 31 

percent. 

5.3.4 Corrected Optimum Asphalt Content (COAC) Mixtures 

The Plant A and G control mixtures were adjusted according to the COAC method 

specified by the GDOT by Mocelin et al. (2023) with one exception. The source-specific 

measured RBAs were used to produce the mixtures instead of the fixed value of 60 percent 

specified by GDOT. As a result, the OOAC of the control mixture was increased by increasing 

the virgin binder content of the mixture by an amount equal to Not Credited Asphalt Content 

(NCAC) to arrive at the COAC. The NCAC is equal to the recycled binder content of the 

mixture, expressed as a percentage of the total mixture mass, multiplied by the quantity of one 

minus the measured RBA. It is important to note that the volumetric properties of the mixtures 

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

5.3.5 Availability Adjusted Mix Designs (AAMD)  

All control mixtures were redesigned using the AAMD method at the control RAM 

content. Plant A and H mixtures were also designed using the AAMD method at 50 percent RAP 

content. The Plant A and G AAMD designs (A-30/0-AAMD, A -50/0-AAMD, and G-26/5-

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

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

that the COAC method requires an existing Superpave mix design to use as a reference. 
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However, the AAMD method can be used as a stand-alone mix design method for new mixtures 

without the need for an initial Superpave mixture design.  

The detailed AAMD mixture design framework is presented in Mocelin et al. (2023). The 

primary differences between the AAMD method and conventional mixture design are (1) the 

RAM black curve is used to represent its gradation when designing the aggregate structure rather 

than the RAM white curve and (2) the unavailable recycled binder is considered part of the bulk 

aggregate volume of the mixture in a rigorous way (i.e., accounting for the difference in binder 

and aggregate specific gravity). Consequently, the VMA, Voids Filled with Asphalt (VFA), and 

dust-to-effective binder ratio (DP) are lower when interpreted using the AAMD approach 

compared to the conventional practice under the condition of partial RBA. Herein, volumetric 

properties are prefaced with the word óavailableô or óeffectiveô when they are calculated 

according to the AAMD method (e.g., available VMA). Volumetric properties are prefaced with 

the word óspecifiedô or ótotalô when calculated according to the conventional Superpave 

approach. Mocelin et al. (2023) provided detailed descriptions of how standard Superpave design 

equations are amended for use in the AAMD approach.  

The study RAM material black and white curves are shown in Figures 43 and 44, which 

reveal the white curves are substantially finer when compared to the corresponding black curves. 

This is a result of the agglomeration of adhered RAP particles. It can be inferred from Figure 43 

that Plant A RAP black and white curves are closer to each other than the Plant G curves, which 

is an indication of less agglomeration that resulted in a higher RAP binder availability for Plant 

A (56 percent) when compared to G (47 percent). In general, the same can be noted for Plant H 

RBA values for coarse (44 percent) and fine (59 percent) stockpiles from Figure 44 at the small 

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

 
Figure 44. Black and white gradation curves for Plant H RAM materials. 

The AAMD designs used the same virgin stockpiles, RAP, and virgin binder as the 

corresponding control mixture when prepared at the same RAM content as the control mixture 

but the virgin stockpile proportions were adjusted. The virgin binder selection for the 50 percent 

12.59.54.752.361.18.6.3.15.075
0

10

20

30

40

50

60

70

80

90

100
%

 P
a

s
s

in
g

Sieve Size0.45 (mm)

Plant A - RAP black curve

Plant A - RAP white curve

Plant G - RAP black curve

Plant G - RAP white curve

Plant G - RAS black curve

Plant G - RAS white curve

Max Density Line

12.59.54.752.361.18.6.3.15.075
0

10

20

30

40

50

60

70

80

90

100

%
 P

a
s
s
in

g

Sieve Size0.45 (mm)

Plant H- fine RAP black curve

Plant H- fine RAP white curve

Plant H- coarse RAP black curve

Plant H- coarse RAP white curve

Max density line



   

114 

 

RAP mixtures followed the NCDOT guidelines, which require the use of a softer virgin binder 

when the total RBR of the mixture exceeds 30 percent. Therefore, a virgin binder PG 58-28 was 

used for both of the designs with 50 percent RAP content.  

The AAMD mixture designs were prepared to yield a gradation (when interpreted using 

the RAP and RAS black curves) and available VMA that met NCDOT specifications. 

Correspondingly, the blend gradations and available VMA of the control mixtures were first 

evaluated using the AAMD approach (i.e., using the black curve and considering the unavailable 

recycled binder as part of the bulk aggregate volume), which gave an indication of the level of 

adjustment necessary when preparing the redesign. Furthermore, the AAMD mixture gradations 

were designed in an effort to match what a mixture designer might do if adjusting to the AAMD 

method. In North Carolina, most plants use a similar gradation for their alternative mixture 

designs used for a given mixture class Mocelin et al. (2023). Correspondingly, initial trial 

gradations were prepared by adjusting the virgin aggregate stockpile proportions such that the 

blend gradation, when using the black curve to reflect the RAM, matched the specified gradation 

for the control mixture (i.e., that was prepared using the RAM white curve). For RAP-only 

mixtures, this approach generally yields a satisfactory available VMA that is close to the 

specified VMA for the control mixture (that was calculated on the basis of complete RBA). This 

approach was adopted when generating AAMD mixture designs for Plant H (H-35/0-AAMD) 

and Plant A (A-30/0-AAMD). However, due to the very low RBA and high binder content of 

RAS, this approach did not yield a satisfactory available VMA for the Plant G RAP/RAS 

mixture and thus, further adjustment of the gradation to increase the available VMA above the 

minimum was required as detailed in Mocelin et al. (2023).  
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Figure 45 shows the blend gradations for the Plant H virgin (H-0/0-C), control (H-35/0-

C), and AAMD mixture at the control RAP content (H-35/0-AAMD) prepared as part of this 

study. The RAP mixture gradations are shown using both the white and black curves to reflect 

the RAP gradation. In AAMD method, the RAM black curves are considered to reflect the actual 

gradation in the mixture, and therefore are used for design, whereas the white curves were used 

to design the control mixtures. Only virgin stockpile proportions were adjusted to try to achieve a 

similar blend gradation in the AAMD mixture when using the black curve that matched the 

control mixture blend gradation when using the RAP white curve. 

 
Figure 45. Black and white blend gradations for the Plant H control and AAMD RAP 

mixtures. 

To prepare the 50 percent RAP AAMD mixture design, the RAP black curves were used 

to reflect their gradations and the virgin aggregate stockpiles proportions were adjusted to 

accommodate the additional RAP content and to achieve a similar gradation to the blend 

gradation of the control mixture when using the RAP white curve. For Plant H, which contains 

two RAP stockpiles, fine and coarse, the RAP stockpile percentages were increased to achieve a 

total of 50 percent RAP while maintaining the proportions of 60 percent fine RAP and 40 percent 
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coarse RAP, i.e., 30 percent fine RAP and 20 percent coarse RAP were used in terms of total 

aggregate weight in the mixture. It was more difficult to adjust the gradation to match the 

specified control gradation in the 50 percent RAP mixtures compared to the AAMD designs 

prepared at the control mixture RAP content since the virgin stockpiles comprised a smaller 

portion of the aggregate blend. For Plant A, all the virgin stockpiles used in the control mixtures 

were also used in the AAMD mixture with 50 percent RAP as detailed in Mocelin et al. (2023). 

However, for the H-50/0-AAMD mixture, the coarse virgin stockpile had to be removed because 

the use of the coarse RAP particles combined with both the coarse and fine virgin stockpiles 

would have violated the NCDOT gradation specifications for the minimum amount of materials 

passing the #200 sieve. The changes in gradation were made while maintaining both the black 

and white curves within the gradation limits specified by NCDOT such that mixture gradations 

passed NCDOT specifications when using either the RAP black or white curve to reflect its 

gradation. Figure 46 presents the blend gradations for the 50 percent RAP AAMD mixtures as 

well as for the control RAP mixtures for Plants A and H. 
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Figure 46. Blend gradations for the control and AAMD mixtures with increased RAP 

content from: (a) Plant A and (b) Plant H. 

The optimum asphalt content was selected to achieve four percent air voids at 65 

gyrations in accordance with the NCDOT specifications for RS9.5C mixtures (North Carolina 

Department of Transportation 2022). The volumetric properties were calculated and evaluated 

according to the AAMD approach at the selected asphalt content Mocelin et al. (2023). 

The volumetric properties of the evaluated mixtures are shown in Table 32. The results 

from Plants A and G were added to this table for easy reference; complete discussions and details 
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related to those plants are available in Mocelin et al. (2023). The table presents the volumetric 

properties in two different lenses. The first is the so-called total or specified, for which the 

volumetric properties are calculated assuming 100 percent RBA, which aligns with Superpave, 

while the second is the so-called available or effective, where the properties are calculated 

following the procedure detailed in the AAMD Framework (Mocelin and Castorena 2022). The 

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

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

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

values whereas the available binder blend HPG values were calculated using the effective RBR 

values. Note that the COAC volumetric properties are not reported since mixtures are not 

prepared and compacted using the adjusted asphalt content in the method.  

The consequences of the partial RBA on the calculated volumetric properties for the 

mixtures are clear in Table 32. Considering the partial recycled binder availability for the Plant H 

control mixture, dropped VMA from 16.8 to 15.2 and the DP from 1.02 to 0.66. The Plant H and 

G control mixtures have available VMAs that fall below the NCDOTôs specified minimum limit. 

While the Plant A control mixture has an available VMA that exceeds the minimum limit, a 

mixture designer still may opt to refine the mixture if the available properties were used for 

specification. North Carolina has quality control requirements for VMA and the VMA of plant-

produced mixture that is generally lower than corresponding lab-produced asphalt mixture (Lynn 

et al. 2007). Therefore, mixture designs are generally prepared well above the minimum limit 

(Underwood et al. 2021) to ensure compliance during production. The results also show 

significant effects of considering partial RBA on the interpreted RBR, VFA, and DP of asphalt 
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mixtures. The available properties of all AAMD mixture designs meet NCDOTôs specified 

criteria. 

Table 32. Specified and available volumetric properties for the evaluated mixtures. 

Mix properties 

Plant A Mix  Plant H Mix  Plant G Mix  

Spec. 

limits 

A
-3

0
/0

-

C
 

A
-3

0
/0

-

A
A

M
D

 

A
-3

0
/0

-

C
O

A
C

 

H
-3

5
/0

-

C
 

H
-3

5
/0

-

A
A

M
D

 

G
-2

6
/5

-

C
 

G
-2

6
/5

-

A
A

M
D

 

G
-2

6
/5

-

C
O

A
C

 

Total binder content (%) 6.0 6.7 6.6 6.0 6.7 6.2 6.9 7.6 -- 

Available binder content (%) 5.4 6.1 6.0 5.2 5.9 4.7 5.4 6.2 -- 

Virgin binder content (%) 4.4 5.2 5.1 4.3 5.0 3.7 4.4 5.1 -- 

Total RBR (%) 25.9 22.8 23.2 27.8 24.4 41.0 36.0 40.4 -- 

Effective RBR (%) 17.1 14.8 15.1 17.3 14.9 22.0 19.0 15.2 -- 

Total Binder Blend HPG 75.6 74.7 74.8 74.5 73.3 84.3 81.6 79.4 -- 

Available Binder Blend HPG 72.9 72.2 72.3 71.6 71.0 71.1 69.6 68.5 -- 

Specified VMA (%) 16.8 17.7 - 16.8 18.3 17.9 18.2 - 
Min. 15.5 

Available VMA (%) 15.9 16.9 - 15.2 16.7 15.4 15.7 - 

Specified VFA (%) 76.1 77.3 - 76.2 78.1 77.7 78.0 - 
65 - 78 

Available VFA (%) 74.9 76.3 - 73.6 76.0 74.1 74.6 - 

Specified DP 1.08 1.30 - 1.02 1.08 1.18 1.45 - 
0.6 - 1.4 

Available DP 0.71 0.97 - 0.66 0.76 0.87 1.30 - 

 

The specified and available volumetric properties for the 50 percent RAP content AAMD 

mixtures are shown in Table 33. The control mixture volumetric properties are also included for 

reference. The Plant A control mixtures had higher virgin binder content than the respective 50 

percent RAP mixtures, indicating the high RAP content may be economically advantageous if 

performance is satisfactory. On the other hand, the H-50/0-AAMD mixture had a higher virgin 

binder content than the control mixture, indicating it may not be more cost-effective to use the 

higher RAP content mixture in this case. Correspondingly, the available VMA of the 50 percent 

RAP mixtures for Plant H is higher than the available VMA of the respective control mixtures. 

For Plant A, a similar available VMA was achieved in the 50 percent RAP mixture to that in the 

control mixture. 
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The virgin binder used for all the mixtures with 50 percent RAP was a PG 58-28, selected 

based on the total RBR according to NCDOT guidelines, which is softer than the PG 64-22 

virgin binder used in the mixtures with lower RAP content. Note that even at 50 percent RAP 

content, the effective RBRs of all the mixtures are still lower than the 30 percent RBR threshold 

specified by the NCDOT for switching to a softer virgin binder. With the use of a softer virgin 

binder, the approximated available binder blend HPG of the 50 percent RAP mixtures are 

approximately 1°C and 4°C lower than the respective control mixture for the two cases 

evaluated. 

Table 33. Specified and available properties of the control and AAMD designs with 

increased RAP content. 

Mix properties 
A-30/0- 

C 

A-50/0- 

AAMD  

H-35/0- 

C 

H-50/0- 

AAMD  

Total binder content (%) 6.0 6.7 6.0 7.0 

Available binder content (%) 5.4 5.7 5.2 5.9 

Virgin binder content (%) 4.4 4.2 4.3 4.6 

Total RBR (%) 25.9 37.7 27.8 33.4 

Effective RBR (%) 17.1 26.3 17.3 21.4 

Total Binder Blend HPG 75.6 74.3 74.5 71.5 

Available Binder Blend HPG 72.9 69.9 71.6 67.4 

Specified VMA (%) 16.8 17.2 16.8 18.1 

Available VMA (%) 15.9 15.9 15.2 15.8 

Specified VFA (%) 76.1 76.8 76.2 78.0 

Available VFA (%) 74.9 74.9 73.6 74.8 

Specified DP 1.08 1.39 1.02 1.20 

Available DP 0.71 0.81 0.66 0.77 

 

5.3.6 Index Performance Testing 

Two index tests commonly used in BMD procedures were used in the assessment of the 

cracking and rutting performance of all the study mixtures, the IDEAL CT and the APA tests. 

The IDEAL-CT test was conducted according to the ASTM D8225-2019. A minimum of three 

test specimens with 150-mm diameter and 62-mm height were fabricated and tested at 7 ± 0.2 

percent air voids. APA tests were conducted following the AASHTO T 340-10 and NCDOT test 
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requirements. Two sets of two specimens were tested at 64°C for each evaluated mixture. The 

test results are reported as the average rut depth after 8,000 load repetitions. The APA specimens 

were fabricated at 4 ± 0.2 percent air voids and with 150-mm diameter and 75-mm height, in 

accordance with the NCDOT requirements (North Carolina Department of Transportation 2022). 

It is worth noting that both IDEAL CT and APA standards allow a tolerance of ±0.5 percent air 

voids. However, the tests presented in this paper were conducted at a tighter limit to minimize 

specimen-to-specimen variability, given reports in the literature that ± 0.5 percent differences in 

air void content can significantly affect IDEAL-CT test results (Mivehchi et al. 2022). 

5.3.7 Asphalt Mixture Performance Tester (AMPT) Testing 

Performance tests for cracking and rutting evaluation were conducted, using an AMPT 

for all of the mixture designs presented in this study to evaluate the generalizability of the 

findings obtained through index testing with more fundamental measures of mechanical 

behavior. Dynamic modulus (AASHTO TP 132 2021) and cyclic fatigue (AASHTO TP 133 

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

Stress Sweep Rutting (SSR) tests (AASHTO TP 134 2019) were used for rutting evaluation. The 

target air-void content for all the AMPT test specimens mixtures was 4 ± 0.5 percent. The 

dynamic modulus master curves were developed utilizing FlexMATTM v2.1.1, which aligns with 

AASHTO TP 133 2021. 

The cracking index parameter, Sapp, and the rutting susceptibility index (RSI) were 

obtained from analyzing the performance testing results using FlexMATTM v2.1.1. The Sapp 

parameter indicates the fatigue damage capacity of asphalt mixtures and is obtained from 

collective dynamic modulus and cyclic fatigue tests coupled with the S-VECD model (Wang et 

al. 2020). The RSI parameter indicates the rutting resistance of asphalt mixtures based on the 

permanent deformation shift model and is obtained from SSR tests (Ghanbari et al. 2020). 
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5.3.8 Statistical Analysis 

One-way analysis of variance (ANOVA) and Tukey's Honest Significant Difference 

(HSD) tests at a 5 percent significance level (Ŭ) were conducted to compare the group means and 

determine if there were any pairwise significant differences among the different mixtures within 

the same source in terms of dynamic modulus values at 1 Hz at each test temperature, cracking 

(CTindex and Sapp), and rutting (APA rut depth) performance for the sources A, G and H. The 

statistical tests were conducted to compare the results statistically and complement the visual 

comparisons. 

It should be noted that the CTindex and Sapp means are compared as the average of at least 

three tests and the APA rut depth as the average of two sets of specimens. APA testing was 

conducted by an outside testing services lab. For Plant G, only the average test results were 

reported to the authors, and therefore the statistical analysis could not be performed. 

5.3.9 Pavement Performance Simulations 

The AMPT performance tests allow the simulation of the mixtureôs performance within a 

pavement structure under simulated traffic and climate conditions. Correspondingly, pavement 

performance predictions were carried out using AASHTO Pavement ME Design v2.6.2.2 and 

FlexPAVEÊ v2.1.6. The Pavement ME software was selected for bottom-up fatigue cracking 

simulations since it was locally calibrated in North Carolina through the research efforts carried 

out under the FHWA\NC\2007-07 project (Kim et al. 2011). Furthermore, material level inputs 

for Pavement ME can be obtained from dynamic modulus and cyclic fatigue test results. Rutting 

simulations were carried out using FlexPAVEÊ because the SSR test generates the material 

level inputs for rutting performance predictions in FlexPAVEÊ but cannot be used to simulate 

rutting performance in Pavement ME.  
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The S-VECD model parameters were used to generate the fatigue cracking material-

specific parameters (K1, K2, K3) shown in Equation (5.1) following the approach used in the 

FHWA\NC\2007-07 project (Kim et al. 2011) but adjusting for the more recent fatigue failure 

definition specified in AASHTO TP 133 (2021). It is worth mentioning that the total volumetric 

properties were used in Equation (5.2) since this equation was built and calibrated utilizing total 

volumetric properties, and trying the available volumetric properties did not yield a big 

difference. The North Carolina local felid calibration coefficients recommended by the 

FHWA\NC\2007-07 project, and shown in Table 34, were also used for Pavement ME 

performance predictions. The C1 and C2 in this table are the local transfer function coefficients. 
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where: Nf = the allowable number of axle load applications, t = tensile strain at critical 

locations and calculated by the structural response model (in/in), |E* |= dynamic modulus of the 

AC layer (psi), K1, K2, K3= mix laboratory-derived model coefficients, ɓf1, ɓf2, ɓf3=  local mixture 

calibration factors, Vbe = effective asphalt content by volume (percent),  and Va= air voids in the 

AC mixture (percent). 

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

2011). 

Parameter Recommended Value 

ɓf1 3.50E-05 

ɓf2 0.72364 

ɓf3 0.6 

C1 0.24377 

C2 0.24377 
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Figure 47 depicts the two types of pavement structures used for the pavement 

performance predictions, designated as ñthickò and ñthinò. Each type of pavement structure was 

comprised of an asphalt layer, an unbound aggregate base course layer, and a subgrade. The 

simulations were performed using the mechanical properties of each evaluated asphalt mixture.  

Climate data from North Carolina that represents the Piedmont region was utilized for all 

the pavement simulations. The MERRA climate station 139553 used in the simulations had a 

mean annual air temperature of 16.65ºC and a mean annual precipitation of 119.61 cm. The 

traffic level for the performance simulations in both Pavement ME and FlexPAVEÊ was 30 

million ESALs over 20 years since all the evaluated study mixtures were RS9.5C mixtures which 

are specified for roads with 3 to 30 million design ESALs (North Carolina Department of 

Transportation 2022). 

 
Figure 47. Pavement structures used for Pavement ME and FlexPAVETM  simulations. 

5.4. Results and Findings 

5.4.1 Dynamic Modulus Test Results 

Dynamic modulus testing was done for all the study mixtures. Figures 48, 49, and 50 

present the results in log-log and semi-log scales for Plants A, G, and H, respectively. In 
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addition, a one-way analysis of variance (ANOVA) with post-hoc Tukey Honest Significant 

Difference (HSD) test was used to compare the mean dynamic modulus results at 1 Hz at each 

test temperature for the alternative mixture designs from a given source. The Tukey test results 

are summarized graphically in Figure 51. The dynamic modulus of asphalt mixtures generally 

decreases as the asphalt content and/or effective binder matrix PG decreases. This trend is 

apparent in most of the dynamic modulus results shown with a few exceptions. Figures 48 and 

51 show that all Plant A RAP mixtures have similar dynamic modulus master curves despite the 

fact that the AAMD and COAC mixtures have higher available binder content than the control 

mixture as shown in Table 32. The Plant A virgin mixture (A-0/0-C) has significantly lower 

dynamic moduli than the RAP mixtures from the same plant, matching expectations due to its 

higher available binder content and softer effective binder matrix. Figures 49 and 51 show the 

control Plant G mixture (G-26/5-C) has higher dynamic moduli than the other Plant G mixtures, 

presumably due to its high RBR and lower binder content than the other mixtures. The G-26/5-

AAMD mixture exhibits a dynamic modulus that falls between that of the G-26/5-C and G-0/0-C 

mixtures at 20°C and 40°C but has a similar dynamic modulus to the G-0/0-C mixture at 4°C 

despite having a lower available binder content. The G-0/0-C and G-26/5-AAMD mixtures 

dynamic modulus results are deemed statistically equal at 4°C. Figure 51 shows that the G-26/5-

COAC mixture does not differ significantly from G-0/0-C at 20°C and 40°C, despite available 

binder content differences apparent in Table 32. The Plant H results in Figure 50 show that the 

H-0/0-C and H-50/0-AAMD mixtures have statistically equivalent dynamic moduli. While the 

H-50/0-AAMD has a lower available binder content than the H-0/0-C mixture, it has a softer 

effective binder matrix (as conveyed by the HPG values in Table 33) due to the use of a PG 58-

28, which may explain the dynamic modulus results. The H-35/0-C and the H-35/0-AAMD have 
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equivalent mean dynamic moduli that are higher than those of the other Plant H mixtures. While 

the H-35/0-AAMD mixture has a higher available binder content than the H-35/0-C mixture, it 

also has a higher available DP and different aggregate structure that could have contributed to 

the dynamic modulus trends. 

 
Figure 48. Dynamic modulus results for Plant A: (a) Log-log plot and (b) Semi-log plot. 

(a)

(b)
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Figure 49. Dynamic modulus results for Plant G: (a) Log-log plot and (b) Semi-log plot. 

(a)

(b)



   

128 

 

 
Figure 50. Dynamic modulus results for Plant H: (a) Log-log plot, and (b) Semi-log plot 

(a)

(b)
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Figure 51. Tukey grouping results summary for dynamic modulus values comparisons at 1 

Hz. 

5.4.2 Mixture Index and Pavement Performance Prediction Results 

All the mixture designs were evaluated for cracking and rutting performance using 

IDEAL CT, APA, cyclic fatigue, and Stress Sweep Rutting (SSR) tests. Figures 52, 54, and 56 

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

respectively. In addition, One-way analysis of variance (ANOVA) followed by the Tukey test to 

compare the group means, as shown in Figure 58, was conducted to compare the results 

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

were then used to simulate the mixtures within thin and thick pavement sections under defined 
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traffic load and climate conditions. The specific material factors used to characterize each 

evaluated mixture's Pavement ME fatigue model were derived from the respective mixture cyclic 

fatigue test results and are shown in Table 35. Figures 53, 55, and 57 show the predicted long-

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

respectively. 

Table 35. AC fatigue model coefficients utilized for Pavement ME simulations. 

Mix  
Pavement ME AC Fatigue Calculated Model Coefficients 

K1 K2 K3 

A-0/0-C 1.35E+15 6.59E+00 5.60E+00 

A-30/0-C 1.67E+06 6.85E+00 4.30E+00 

A-30/0-COAC 2.23E+08 6.94E+00 4.72E+00 

A-30/0-AAMD  5.04E+07 6.97E+00 4.56E+00 

A-50/0-AAMD  3.50E+08 7.13E+00 4.80E+00 

G-0/0-C 3.04E+15 6.83E+00 5.81E+00 

G-26/5-C 5.32E-02 7.16E+00 3.32E+00 

G-26/5-COAC 2.34E+14 7.16E+00 5.83E+00 

G-26/5-AAMD  1.48E+09 7.40E+00 5.13E+00 

H-0/0-C 7.45E+16 7.25E+00 6.29E+00 

H-35/0-C 2.41E+06 7.25E+00 4.60E+00 

H-35/0-AAMD  6.10E+08 7.35E+00 4.97E+00 

H-50/0-AAMD  1.91E+16 7.36E+00 6.33E+00 

 

Figures 52 and 53 show the Plant A mixture performance index and pavement 

performance prediction results, respectively. Figure 52(a) shows that the A-0/0-C mixture 

exhibits superior cracking performance when compared to the mixtures that included RAM 

based on the CTindex values, which is attributed to the virgin mixtureôs higher available binder 

content and softer effective binder matrix than the corresponding RAM mixtures. It is also 

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

exhibit similar CTindex values that are higher than the A-30/0-C mixture based on visual 

inferences and the Tukey test results. The higher CTindex values can be explained by the higher 

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

Table 32 as well as the softer effective binder matrix in the case of the A-50/0-AAMD case 
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shown in Table 33. Furthermore, Figure 52(a) shows that the CTindex and Sapp parameters result in 

similar rankings among the Plant A mixtures, with the CTindex appearing more sensitive to the 

effective binder content differences among the mixtures. While the trends in mean Sapp and 

CTindex align, the Sapp differences among the Plant A mixtures are statistically insignificant. 

Figure 53(a) shows that the trends in the bottom-up cracking pavement performance predictions 

align with those for the CTindex for the Plant A mixtures in the cases of both the thin and thick 

pavement sections considered wherein A-0/0-C mixture exhibits the least and A-30/0-C exhibits 

the most bottom-up cracking.  

Figure 52(b) shows that the A-0/0-C and A-30/0-COAC mixtures exhibit similar APA rut 

depths that are higher than those for the A-30/0-C, A-30/0-AAMD, and A-50/0-AAMD 

mixtures. The control and AAMD mixtures exhibit statistically equal mean APA rut depths. 

Mocelin et al. (2023) attributed the similar rut depths in the AAMD and control RAP mixtures to 

the superior aggregate structure in the AAMD mixtures. However, the RSI results indicate that 

the A-30/0-C and A-30/0-COAC mixtures have very similar rutting resistance with the A-50/0-

AAMD mixture exhibiting the poorest result among the RAP mixtures. Figure 53(b) shows that 

the pavement simulation results follow the trends seen in RSI for the Plant A mixtures, which 

was expected given that FlexPAVE uses the same test results and associated models that are used 

to calculate RSI, with the thick sections exhibiting higher rut depths than the thin pavement cases 

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

cracking indices and (b) rutting indices. 

(a)

(b)
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Figure 53. Pavement performance of the simulated pavement sections from Plant A: (a) 

bottom-up fatigue cracking and (b) asphalt rutting . 

Figures 54 and 55 show the Plant G mixture performance index and pavement 

performance prediction results, respectively. The Plant G results shown in Figure 54(a) and 

previously reported by Mocelin et al. (2023) indicate that all mixture design alternatives have 

distinct CTindex results, with the G-0/0-C mixture displaying the highest CTindex and the G-26/5-C 

mixture exhibiting the lowest CTindex, which aligns with rankings of the Plant G mixtures in 

terms of available binder content. The G-26/5-COAC mixture exhibits a higher CTindex than the 

(a)

(b)
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G-26/5-AAMD mixture, likely the result of its higher binder content. In contrast, the G-26/5-

COAC had the highest Sapp. However, the Tukey test results (Figure 58) show that the G-26/5-

COAC Sapp value does not differ significantly from that of the G-0/0-C or G-26/5-AAMD 

mixtures. Furthermore, the G-0/0-C, G-26/5-C, and G-26/5-AAMD mixtures Sapp values do not 

differ significantly, indicating all of the observed differences in Sapp are marginal and aligning 

with the Plant A findings that CTindex results are more sensitive to mixture design variations than 

Sapp results. Also matching findings from Plant A, the Plant G bottom-up cracking performance 

simulation results shown in Figure 55(a) provide the same ranking among the mixture design 

alternatives as the CTindex results for both the thick and thin structures evaluated. Also notable, 

Figure 55(a) indicates very poor cracking resistance (i.e., complete failure) of the G-26/5-C 

mixture, indicating the current mixture design practice may result in very poor performance of 

RAP/RAS mixtures.  

Collectively, the results show that redesigning G-26/5-C mixture using the AAMD and 

COAC approaches led to improved cracking performance based on the CTindex and bottom-up 

cracking prediction results. However, both APA rut depth and the RSI values results in Figure 

54(b) show that the G-26/5-COAC mixture has inferior rutting resistance compared to the G-

26/5-C mixture whereas the rutting performance for the G-26/5-AAMD  mixture remained at the 

same level as the G-26/5-C mixture. The G-26/5-COAC mixture exhibits an RSI value 

substantially higher than the G-0/0-C mixture. In contrast, the G-0/0-C mixture exhibits a higher 

APA rut depth than the G-26/5-COAC mixture. As explained in the methodology section, there 

were not enough data to conduct the test on the APA results from this plant. Figure 55(b) shows 

that the pavement rutting predictions for the Plant G mixtures follow the same trends as RSI, 

with the thick sections exhibiting higher rut depths than the corresponding thin sections. The G-



   

135 

 

26/5-COAC mixture appeared flushed due to the excessive amount of added virgin binder 

without introducing any changes to the design aggregate structure as shown in Table 32, which 

may explain its poor rutting performance. In contrast, the altered aggregate structure in the G-

26/5-AAMD mixture may explain how it was able to maintain the same rutting resistance as the 

control case despite having a higher asphalt content. 

 
Figure 54. Mixtures performance indices for the evaluated mixtures from Plant G: (a) 

cracking indices and (b) rutting indices. 

(a)

(b)
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Figure 55. Pavement performance of the simulated pavement sections from Plant G: (a) 

bottom-up fatigue cracking and (b) asphalt rutting . 

Figures 56 and 57 show the Plant H mixture performance index and pavement 

performance prediction results, respectively. Figure 56(a) shows that the H-0/0-C mixture 

exhibits the highest CTindex and Sapp of the Plant H mixture designs evaluated, matching 

expectations based on available binder contents. However, the Tukey test results presented in 

Figure 58 suggest that Sapp values of the H-35/0-AAMD and the H-0/0-C mixtures do not differ 

significantly. Furthermore, the Sapp values of the H-35/0-AAMD, H-35/0-C, and H-50/0-AAMD 

(a)

(b)
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resulted in the same Tukey grouping, suggesting differences in Sapp results among the Plant H 

mixtures are marginal. In contrast, the CTindex values of the Plant H mixtures all differ 

significantly, aligning with the findings from the previously presented plants that indicate the 

CTindex is more sensitive to mixture design variations than Sapp. Both AAMD mixtures exhibit 

higher CTindex values than the H-35/0-C mixture with the H-50/0-AAMD mixture showing a 

higher value than the H-35/0-AAMD mixture. Similar to the Plant A case, the higher CTindex 

results of the AAMD mixtures compared to the associated with their higher available content and 

softer effective binder matrices. Figure 57(a) shows that the trends in the bottom-up cracking 

among the Plant H mixtures, obtained from the pavement performance simulations, match those 

from the CTindex results. Pavement simulations indicate that H-0/0-C and H-50/0-AAMD are the 

best performing mixtures in terms of bottom-up cracking, followed by H-35/0-AAMD mixture. 

Also notable, the performance of the H-35/0-C mixture in the thin pavement scenario resulted in 

very extensive bottom-up cracking in the performance prediction, indicating the current practice 

may yield poor cracking resistance in certain scenarios.  

Figure 56(b) shows that the H-35/0-C and H-35/0-AAMD mixtures have very similar 

APA rut depths and RSI values, suggesting the superior aggregate structure imparted by the 

AAMD method mitigated any negative effects of the additional binder content on the rutting 

resistance. However, the H-50/0-AAMD mixture exhibits inferior rutting resistance compared to 

the H-35/0-C and H-35/0-AAMD mixtures designed with lower RAP content on the basis of 

both APA rut depth and RSI results. The APA rut depth of the H-50/0-AAMD and H-0/0-C 

mixtures do not differ significantly and both meet the NCDOTôs specified limit for APA rut 

depth of 6.5 mm. However, the RSI of the H-50/0-AAMD mixture is notably higher than that of 

the H-0/0-C mixture. Matching trends for the mixture indices, Figure 57(b) shows that rut depth 
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predictions from the pavement performance simulations for both the thin and thick sections 

indicate the H-35/0-C and the H-35/0-AAMD yield equivalent rutting resistance that is better 

than the other Plant H mixtures. Matching RSI trends, the predicted rut depths suggest that the 

H-0/0-C mixture has better rutting resistance than the H-50/0-AAMD mixture. It is speculated 

that the inferior rutting performance of the H-50/0-AAMD mixture is due to the use of the PG 

58-28 virgin binder, compared to the PG 64-22 used in the mixtures with 35 percent RAP and the 

elimination of the coarse virgin aggregate stockpile. Table 33 shows the available HPG for the 

H-50/0-AAMD mixture was 4°C lower than the H-35/0-C mixture. Furthermore, the coarse 

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

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

cracking indices and (b) rutting indices. 

(a)

(b)
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Figure 57. Pavement performance of the simulated pavement sections from Plant H: (a) 

bottom-up fatigue cracking and (b) asphalt rutting.  

(a)

(b)


























































































































































































































































































