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Abstract 

 
Balanced Mix Design (BMD) represents an asphalt mixture design methodology that 

replaces certain traditional volumetric parameters with performance-based testing to address 

predominant distresses such as rutting and cracking. This approach offers an avenue to properly 

design and produce engineered asphalt mixtures, including those with high reclaimed asphalt 

pavement (HRAP) contents, recycling agents (RAs), fibers, and polymer-modified binders. 

Laboratory performance tests are essential to the BMD process, as they ensure the production of 

durable, high-performance materials. Beyond laboratory performance evaluation, accelerated 

pavement testing (APT) plays a crucial role in bridging the gap between laboratory material 

characterization and field pavement performance. 

This dissertation aimed to assess the BMD concept for designing durable, long-lasting 

surface mixtures in Virginia, with particular emphasis on higher RAP content mixtures (HRAP 

mixtures, i.e., exceeding 30% RAP). The study involved laboratory and APT testing of six surface 

mixtures featuring a range of RAP contents (both conventional and high), two binder grades (PG 

64-22 and PG58-28), one RA, and one warm mix additive.  

Findings indicated that dense-graded, unmodified surface mixtures with higher RAP 

contents can be successfully designed using the current Virginia Department of Transportation 

(VDOT) BMD special provision. These mixtures can be produced in the plant with no significant 

deviations in aggregate gradation and asphalt binder content from the design specifications. The 

combined effect of variations in different volumetric properties during production may influence 

the primary performance of the mixtures, potentially resulting in an imbalance. As a consequence, 

the produced BMD mixture may fail to meet one or more performance thresholds. Additionally, 

the results underscored the effectiveness of BMD concept with incorporating RAs and/or a softer 

binder when designing HRAP surface mixtures. Importantly, the current selected BMD tests 

characterized the laboratory performance of mixtures, aligning with the performance observed 

under APT. This research provided a steppingstone towards the examination and validation of the 

VDOT BMD thresholds, which ensures satisfactory field performance. The study also indicated 

that while current BMD thresholds provided sufficient margins for satisfactory field cracking 

performance, rutting resistance may become a concern for overly designed BMD HRAP mixtures. 

For instance, mixtures with excessively high asphalt binder content may exhibit compromised 

rutting resistance. 

Furthermore, to address the challenges uncovered during BMD test analysisðissues like 

the constraints of traditional pair-wise comparisons, risks of repetitive design processes, and the 



 

 

difficulty in pinpointing critical factors in mixture productionðthis dissertation proposed 

innovative solutions to enhance BMD application and streamline the evaluation process. First, a 

novel Composite Performance Index (CPI), visualized through a 3D plot, captured the ñbalanceò 

status of various mixtures. Second, a machine learning-enhanced BMD framework was introduced, 

offering intelligent optimization throughout the design and production phases. The integration of 

these two tools offers significant potential for simultaneously improving multiple performance 

indices of asphalt mixtures.  

Finally, this research demonstrated that the performance of higher RAP content mixtures 

can exceed that of lower RAP content mixtures through the application of BMD approaches. This 

dissertation not only advanced the implementation of BMD for surface mixtures but also 

contributed to the sustainable and performance-driven evolution of asphalt mix design. The 

insights gained from this study provided practical guidance and strategic recommendations for 

enhancing asphalt mixture design, production, and performance monitoring.   
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General Audience Abstract 

 

This dissertation evaluated a new way to design asphalt mixtures, called Balanced Mix 

Design (BMD). Unlike traditional methods that focus mostly on fundamental volumetric 

properties of materials, BMD uses testing to ensure the pavement will hold up against common 

issues like cracking and rutting. This approach allows for better use of materials, including high 

recycled asphalt pavement (HRAP), recycling agents (RAs), fibers, and modified binders. 

Considering economic and environmental benefits, the study evaluated the application of 

BMD for designing durable asphalt surfaces for pavements, particularly mixtures with over 30% 

recycled asphalt pavement (RAP). Tests in the laboratory and with accelerated pavement testing 

(APT) showed that high RAP mixtures could be designed and produced reliably using current 

Virginia Department of Transportation (VDOT) guidelines. The addition of recycling agents or 

softer binders further supported these mixtures in meeting performance standards, ensuring 

satisfied field performance. 

To address key challenges, such as the limitations of traditional pair-wise comparisons, 

risks of repetitive design processes, and the difficulty in finding key factors for production 

variability, this research introduces two innovative tools to enhance BMD. First, a Composite 

Performance Index (CPI) with a 3D visual tool offers a way to assess the balance status of mixtures. 

Second, a machine learning framework was developed to optimize BMD throughout the design 

and production phases. Together, these tools establish BMD as a valuable approach for designing 

and producing more sustainable, longer-lasting pavements.
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CHAPTER 1 -  Introduction  

1.1. Background 

In the United States (U.S.), the use of reclaimed asphalt pavement (RAP) in asphalt 

mixtures has yielded significant environmental and economic benefits, prompting state agencies 

to implement special provisions and specifications allowing for higher RAP contents (Zaumanis 

et al., 2013; Martin et al., 2020). The escalated use of RAP was anticipated to counterbalance the 

steadily rising costs of asphalt binders and fuel required for their transportation and placement 

(Zaumanis et al., 2013; Martin et al., 2020). In the U.S., the extent of available RAP in each state, 

its corresponding performance characteristics, diverse practices, standards in practice, and other 

contextual factors have driven the desire to characterize high reclaimed asphalt pavement (HRAP) 

asphalt mixtures as state-specific entities. 

The principal concern associated with HRAP asphalt mixtures revolves around their 

potential for excessive stiffness, a consequence of the aged binder in the RAP, rendering them 

more susceptible to brittleness and premature cracking (Martin et al., 2020). The utilization of 

relatively HRAP proportions in mixtures poses an array of construction and performance 

challenges, encompassing difficulties related to compaction and workability in cool weather, 

susceptibility to thermal cracking, fatigue cracking, reflective cracking arising from repeated 

loading and daily/seasonal thermal stresses, as well as raveling accompanied by aging or moisture-

induced damage (Martin et al., 2020). These challenges may be effectively addressed by adopting 

performance-based mix design strategies, such as the Balanced Mix Design (BMD) approach. 

BMD is defined as an ñasphalt mix design using performance tests on appropriately conditioned 

specimens that address multiple modes of distress taking into consideration, mix aging, traffic, 

climate, and location within the pavement structureò (AASHTO PP 105; West et al., 2018). Unlike 

conventional volumetric design, the BMD framework shifts emphasis to performance testing 

criteria, assessing mixtures for primary distresses, such as rutting and cracking. Approval of a mix 

is contingent upon meeting predefined performance benchmarks or thresholds, with potential 

additional testing during production for quality assurance (Habbouche et al., 2022; Diefenderfer 

et al., 2023). Within the BMD approach, specific techniques to improve mixture performance may 

include increasing binder content, incorporating recycling agents (RAs) and/or softer binders 

(West et al., 2018; Martin et al., 2020), and utilizing polymer-modified binders to improve the 

engineering properties of asphalt mixtures. The BMD approach has gained prominence in recent 

years, and in particular it has allowed the incorporation of HRAP contents in asphalt mixtures. 

Within the BMD framework, laboratory performance testing serves a pivotal role to 

evaluate and screen mixtures, thereby mitigating the cracking-related and rutting-related risk in 

specific paving applications and design specifications (Meroni et al., 2021). In tandem with 

laboratory performance tests, the implementation of Accelerated Pavement Testing (APT) serves 

as a tool to bridge the gap between design models developed via laboratory material 

characterization and the long-term pavement performance observed in the actual field (Harvey and 
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Popescu, 2000; Steyn, 2012).  In one of the recent experiments, the Virginia APT program (Tong 

et al., 2023) has provided a comprehensive and systematic opportunity to assess the application of 

the BMD concept in designing durable and long-lasting SMs in Virginia. This dissertation assessed 

the application of the BMD concept in designing HRAP SMs (RAP contents exceeding 30%) in 

Virginia, offering optimized methodologies and insights.  

1.2. Problem Statement 

The BMD approach has gained significant attention in recent years, shifting focus from 

traditional volumetric criteria to performance-based testing that evaluates mixtures for 

susceptibility to prevalent distresses, such as rutting and cracking. This approach not only opens 

the door for integrating innovation into mix designs, but also demonstrates its capacity to ensure 

satisfactory mixture performance. Such an approach is increasingly critical, as contemporary 

asphalt materials differ markedly from earlier generations due to heightened supply challenges and 

the growing demand for high-performance materials (Golalipour et al., 2021). Additionally, the 

environmental and economic advantages have encouraged transportation agencies to adopt HRAP 

in SMs, with BMD showing promising potential to address challenges associated with HRAP 

usage effectively. Despite these advancements, achieving a sustainable, durable, and cost-effective 

mix design requires further investigation. Key areas for exploration include evaluating 

representative laboratory performance tests and specimens to effectively screen and ensure the 

target mixture performance; subsequently examining the impact of production processes and 

associated variability on selected tests when using the BMD concept in HRAP SM design. 

Furthermore, investigating the relationships across multi-level laboratory tests is also essential to 

deepen understanding of the balance among the primary performance characteristics of mixtures 

and identify potential areas for optimization within the design process. Beyond the laboratory 

investigation, it is equally critical to understand long-term field performance, conduct in-depth 

data analysis, and develop correlations between laboratory performance tests and actual pavement 

performance. Addressing these aspects requires comprehensive analysis and exploration. 

1.3. Research Objective and Scope 

The primary objective of this dissertation was to assess the application of the BMD concept 

to design durable surface mixtures in Virginia, with a focus on relatively higher RAP contents 

(RAP contents exceeding 30%). This study: 

1. Conducted multi-level laboratory performance tests on one control and five BMD SMs 

incorporating a range of RAP contents (conventional and high), two binder performance 

grades (PGs), one RA, and one warm mix asphalt (WMA) additive. The interconnections 

and distinctions among various laboratory tests were explored.  

2. Assessed and examined the developed performance-based specifications (BMD special 

provisions) in Virginia in terms of design mechanism and selected tests. This evaluation 

was based on a detailed laboratory study comparing as-designed mixtures and as-produced 

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

evaluation process. 

4. Developed an APT experiment, to verify the mix design performance predicted by the 

laboratory tests. This included documenting paving operations and construction practices, 

conducting full-scale accelerated pavement testing on six surface mixtures (SMs), and 

performing comprehensive analyses of pavement responses and the collected data. 

5. Documented observations and lessons learned.  

1.4. Significance 

This dissertation explored and evaluated the potential for increasing RAP content in SMs, 

driven by a growing interest in maximizing RAP use and building on Virginiaôs extensive 

experience with 100% RAP utilization in base mixtures (BMs). This study represented an 

application of VDOTôs BMD special provisions, enabling a comprehensive evaluation of SM 

performance with 30%, 45%, and even 60% RAP. This study also generated insights and best 

practices for long-term pavement performance monitoring. Additionally, this study provided an 

opportunity to investigate the impact of BMDðalong with the use of softer binders and recycling 

agentsðon rutting and cracking performance. Ultimately, by bridging the gap between APT and 

laboratory evaluations, this research examined current VDOT test thresholds, advancing the 

implementation of BMD design and performance assessment in Virginia. 

1.4.1. Intellectual Merit  

This dissertation offers significant intellectual contributions through a comprehensive 

investigation of the balancing mechanisms in asphalt concrete design, particularly examining the 

trade-off between rutting and cracking performance. As durability becomes a priority for 

transportation agencies seeking longer-lasting pavements, this research provides valuable insights 

into the interplay among key performance characteristics, utilizing multi-level laboratory 

performance tests and APT. This dissertation introduces a Composite Performance Index (CPI) to 

evaluate the balance among three core indices, reducing the redundancy and complexity inherent 

in traditional comparative methods.  

To address the challenges associated with applying the BMD concept throughout the 

design and production phases, this dissertation also presents optimization solutions for the BMD 

framework using machine learning (ML) models. Moreover, although APT has gained traction, 

there remains a scarcity of studies that interpret continuous data from embedded pavement 

instruments. This research fills that gap by tracking real pavement responses over time, offering 

insights into how various factors can impact pavement performance.  

1.4.2. Broader Impacts 

This dissertation makes a significant contribution to the field by strategically integrating 

high HRAP content with the BMD methodology. Its overarching objective is to develop pavements 

that are not only sustainable and durable but also economically viable and environmentally 
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responsible. A central focus of this research is the validation and refinement of BMD testing 

thresholdsðan effort critical to strengthening the implementation and broader adoption of the 

BMD framework. 

The findings address an urgent need within transportation agencies and the asphalt industry 

for performance-based tests in the mix design process. These tests demonstrates that BMD 

mixtures meet or exceed the performance of those designed using traditional volumetric methods. 

Additionally, the research facilitates the thoughtful incorporation of innovative approach into the 

mix design, promoting a balance between performance, cost, and environmental impact. 

Another noteworthy contribution of this dissertation is its comprehensive analysis and 

synthesis of experiences from Virginia's APT operations. These insights provide an invaluable 

resource of practical knowledge and strategic guidance that can shape the direction of future APT 

initiatives. The lessons learned will enhance APT methodologies, enabling more effective 

evaluation of pavement performance under real-world conditions. 

The outcomes of this research are expected to leave a lasting impact on both the academic 

and professional domains. By offering empirical evidence, innovative approaches, and strategic 

recommendations, this dissertation not only advances the state of knowledge but also provides 

actionable guidance for the design, evaluation, and implementation of HRAP asphalt mixtures. 

These contributions pave the way for sustainable and performance-driven practices in pavement 

engineering. 

1.5. Dissertation Organization  

The research objective was achieved through the development of five main research 

manuscripts, each addressing distinct and specific objectives. These manuscripts comprehensively 

covered the studyôs scope, offering an in-depth exploration of key research themes and questions. 

Alongside an Introduction  and Literature Review, as well as a final Findings, Conclusion, and 

Recommendations, this dissertation will be structured into eight chapters. Figure 1-1 illustrates 

the organization of the dissertation, documenting and analyzing the entirety of the 2020 Virginia 

APT BMD program.  



5 

 

 

Figure 1-1. Conceptual flowchart of each paperôs relevance within the APT program data 

analysis process.  

A summary of each chapterôs major contents follows below: 

Chapter 1 ï Introduction : This chapter presents an overview of the dissertation topic, 

articulated the problem statements, defined the research objectives and scope, highlighted 

the significance of the study, and outlined the organization of the dissertation. 

Chapter 2 ï Literature review:  This chapter provides a comprehensive review of the literature, 

discussing the background and methodologies relevant to the dissertation. It comprised 

eight subsections, covering: RAP usage, HRAP mix design, definition of BMD, state-

level BMD initiatives, Virginiaôs BMD efforts, laboratory performance evaluation, APT, 

and machine learning models. 

Chapter 3 - Paper 1: Multi -Level Performance Evaluation of BMD Surface Mixtures with 

Conventional and High RAP Contents: A Case Study in Virginia. This paper sets forth a 

series of specific objectives by employing performance testing across varying complexity 

levelsðbasic, intermediate, and advancedðthis study offers a layered perspective on 

mixture performance. Following this, different performance test results are ranked to 

establish comparative insights. Diving deeper, an in-depth analysis was undertaken to 

unravel the interconnections and distinctions among various laboratory performance test 

outcomes, probing for inconsistencies that may surface when different performance test 

levels are applied. This exploration moved beyond isolated performance indices, delving into 

optimized BMD mixtures by examining relative correlations across primary performance 

metrics and proposed an innovative CPI. To visually capture the intricate "balance" among 

these indices, a 3-D plot, paired with a ternary plot, is introduced. This visualization tool 
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provides a dynamic and holistic view of BMD optimization impacts, offering a nuanced 

understanding of how the evaluated mixtures fare under comprehensive performance 

scrutiny. This paper has been published in the International Journal of Pavement 

Engineering. 

Chapter 4 - Paper 2: Assessment of Production Variability and Composite Performance 

Index for Conventional and High RAP BMD Mixtures . This paper sought to assess the 

impact of production and associated variability on a control mixture and five engineered 

mixtures designed using the BMD concept. Through VDOTôs current suite of BMD tests, 

each mixtureðsourced during production and paving of the APT facilityðunderwent 

evaluation in terms of durability, rutting and cracking performance. To advance and facilitate 

the analysis, a 3-Dimensional plot with a revised CPI (CPIR) was introduced to optimize the 

process of evaluating the mixture ñbalanceò status among multiple primary performances. 

The assessment offered comprehensive laboratory performance test references for quality 

measurement practices within BMD implementation. This paper has been published in the 

Transportation Research Records. 

Chapter 5 - Paper 3: Machine Learning-Based Prediction and Optimization of Balanced 

Mixture Design Performance Indices. In addressing the challenges highlighted in paper 1, 

this study introduces a ML-driven solution aimed at enhancing both the design and 

production phases within the current BMD framework. The primary aim of this research was 

to develop ML models capable of accurately predicting BMD performance indices based on 

mixture constituent and volumetric properties gathered from both design and field production 

stages. Beyond prediction, the study sought to leverage these ML models to explore the 

influence of individual constituent properties on BMD performance, pinpointing key factors 

that dominate in the preparation of BMD specimens. Traditional approaches often struggle 

with these complex, multi-property interactions, which ML is uniquely suited to unravel. To 

demonstrate the practical application of ML in BMD implementation, a simulated 

deployment was crafted, enabling simultaneous optimization across three primary BMD 

tests. Through this approach, top-performing ML-enhanced candidates were identified, 

presenting a compelling case for the strategic incorporation of ML in advancing the BMD 

process. This paper has been submitted for publication at the Transportation Research 

Records in October 2024. 

Chapter 6 - Paper 4: Rutting Performance Evaluation of BMD Surface Mixtures with 

Conventional and High RAP Contents Under Full-Scale Accelerated Testing. This paper 

embarks on an exploration into the permanent deformation (rutting) of six SMs incorporating 

both conventional and high RAP contents, all examined under full-scale accelerated testing 

with progressively increasing loading intensities. Central to this study are the carefully 

orchestrated design of pavement test cells, an intricately detailed traffic testing protocol, and 
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meticulous rutting performance measurements. This paper introduced an empirical rutting 

model to incorporate environmental aging effects. To deepen the analysis, a correlation study 

is undertaken, bridging the gap between APT-measured rut depths and outcomes from two 

laboratory-based rutting performance tests. As a final contribution, this work seeks to 

validate and refine the existing VDOT BMD thresholds, adding a layer of rigor to current 

standards. This paper has been published in the Materials. 

Chapter 7 - Paper 5: Cracking Performance Evaluation of BMD Surface Mixtures with 

Conventional and High RAP Contents: Insights from Full-Scale Accelerated Testing 

Program. This paper embarked on a thorough investigation into the cracking performance of 

the six SMs with both conventional and high RAP contents through full-scale accelerated 

testing. This study encompasses the setup of APT pavement test cells for cracking study, and 

the traffic testing plan. A multi-layered analysis unfolds, integrating longitudinal strain 

monitoring, comprehensive field surveys, and an array of laboratory performance tests, each 

contributing to an in-depth ranking of the mixtures under evaluation. Further, correlation 

analyses bridge APT field data with laboratory-based BMD performance tests currently 

utilized by VDOT, specifically examining IDT-CT and Cantabro test results. Lastly, this 

study juxtaposes the cracking performance insights with rutting performance results, 

facilitating a balanced discussion on the primary performance attributes of the evaluated 

mixtures, ultimately advancing the understanding of the impact of BMD in surface mixture 

design. This paper is to be submitted for publication in January 2025.  

Paper 8 - Findings, Conclusion, and Recommendations: This concluding chapter wraps up the 

dissertation by distilling the essence of the research undertaken, spotlighting key findings, 

and charting out insightful pathways for future exploration. 
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CHAPTER 2 -  Literature Review 

2.1. RAP Usage 

The use of RAP is greatly influencing asphalt mixture production and development 

worldwide. While RAP usage has increased throughout the years, its growth plateaued at a national 

average of around 20% in 2014 (West and Copeland, 2015; Williams et al., 2020). According to a 

survey conducted by the National Asphalt Pavement Association in 2019, the average RAP content 

in asphalt mixtures was 21.1%, which remained the same as the preceding year (Williams et al., 

2020).  Strict requirements have been placed on the use of RAP in asphalt mixtures by state 

agencies; this is mainly due to perceptions of inferior quality and hurdles related to the source and 

quality of RAP materials along with processing during production (Diefenderfer et al., 2021a). 

However, some countries have been pushing the boundaries of recycling and have been leading 

the way in using relatively higher RAP contents; the Netherlands, for example, allows the inclusion 

of up to 50% RAP in most asphalt mixtures (Mohajeri, 2015). With the implementation of a new 

specification system in line with European standards (EN13108 series), Dutch contractors are able 

to design and select their own composition as long as the performance requirements for the 

resultant mixture are fulfilled. In Japan, RAP content averages 47% in asphalt mixtures with RAP 

fractionation, moisture control, frequent testing of RAP materials, and the use of RAs being among 

the measures adopted by the Japanese industry to ensure that performance requirements are met 

(West and Copeland, 2015).  

In the U.S., the environmental and economic benefits gained by the use of RAP in asphalt 

mixtures have encouraged state agencies to introduce special provisions and specifications 

allowing its use at relatively higher contents in mixtures (Zaumanis et al., 2013; Martin et al., 

2020). The increased use of RAP was expected to offset the continuously rising cost of asphalt 

binders used to produce mixtures and fuel needed to transport and place them (Zaumanis et al., 

2013; Martin et al., 2020). In the U.S., the amount of RAP available in each state, its corresponding 

performance, the various practices and standards being implemented, and other factors have led 

the definition of HRAP asphalt mixtures to become state specific. In 2020, Habbouche et al. 

performed a review from multiple perspectives of the state of the practice on the use of recycled 

asphalt materials and RAs in surface mixtures (Habbouche et al., 2021a). The review focused on 

the permissibility and usage of RAP in mixtures alongside various other aspects. According to the 

responses received from state agencies and according to an online search of specifications, special 

provisions, and field trial / pilot projects, the allowable RAP content in mixtures varied from 15% 

to 50% (Habbouche et al., 2021a). For instance, California defines HRAP asphalt mixtures as those 

containing 25% to 40% RAP and limits their production to special pilots. Kansas allows up to 40% 

RAP content if the millings used correspond to the same field site where the resultant mixture is 

to be placed. In Nebraska and Vermont, the RAP content in HRAP asphalt mixtures ranges 

between 25 and 50%; however, it was reported that the majority of asphalt mixtures use no more 

than 20% RAP. In Georgia, mixtures that contain 30% and higher RAP content are considered 
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HRAP asphalt mixtures. A similar definition is being adopted by Missouri, North Carolina, South 

Carolina, South Dakota, and Virginia. States such as Missouri and New Jersey do not specify an 

upper limit on the RAP content as long as the resultant mixtures meet pre-established specific 

properties and performance requirements. Other states, such as Pennsylvania, require additional 

testing and processing for mixtures with RAP content greater than 15% (Habbouche et al., 2021a).  

The primary concern with HRAP asphalt mixtures is that they can become overly stiff due 

to the increased amount of aged binder used, making them more brittle and prone to premature 

cracking (Martin et al., 2020). Numerous construction and performance issues can result from the 

use of relatively higher RAP contents in mixtures such as challenging compactability and 

workability in cool weather, thermal cracking, fatigue cracking, reflective cracking induced due to 

repeated loading and daily / seasonal thermal stresses, and raveling with subsequent aging or 

moisture damage (Martin et al., 2020). The challenges arising from the use of HRAP asphalt 

mixtures can be addressed through the use of softer binders and/or additives such as RAs.  

2.2. RAP Mix ture Design 

The formal integration of RAP in hot mix asphalt (HMA) following the Superpave design 

procedure was established through the NCHRP Project 9ï12. This project introduced a three-tier 

system based on the characteristics of the hardened RAP binder, and blending charts were 

developed for high RAP contents (McDaniel and Anderson, 2000, West et al., 2013). 

Subsequently, NCHRP Project 9ï46, which focused on enhancing recycling practices, guided the 

design of high RAP mixes using the RAP binder ratio as a critical parameter. The recovery and 

grading of the aged binder were key steps in the design process. To facilitate the inclusion of higher 

RAP quantities, the use of recycling agents like rejuvenators and softening agents has been 

adopted. Rejuvenators, distinct from softening agents, are chemical agents that aim to restore the 

physical and chemical properties of the old binder, while softening agents primarily reduce the 

viscosity of the aged binder (Roberts et al., 1991). The selection of an appropriate rejuvenating 

agent, ensuring compatibility with the aged binder, is crucial (Al -Qadi et al., 2007). 

However, uncertainties persist regarding the properties of the rejuvenated RAP binder. As 

a result, RAP has often been relegated to lower-level applications, not fully utilizing the potential 

value of the asphalt binder present in the RAP (Zaumanis et al., 2015). Despite advancements in 

this field, there remains a lack of consensus among researchers regarding the impact of RAP on 

field performance, highlighting a continuing area of debate and investigation. Huang et al. 

conducted a laboratory study and observed that incorporating up to 20% RAP in asphalt mixtures 

improved tensile strength and fracture resistance (Huang et al., 2004). However, increasing RAP 

content to 30% significantly altered the mix's performance. Kim et al. found that mixes with higher 

RAP content demonstrated enhanced rutting resistance but exhibited reduced fracture energy. 

They noted that the use of softer binders in high-RAP mixes could diminish rutting performance 

(Kim et al., 2007). Researchers also reported that mixtures containing RAP generally exhibit lower 

stiffness, reduced resistance to permanent deformation, and improved fatigue resistance compared 
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to their RAP-free counterparts. This behavior is likely attributed to the use of softer binders and 

rejuvenating agents (Widyatmoko, 2008). Apeagyei et al. observed that mixtures with both low 

(0%) and high (25%) RAP contents exhibited similar rutting performances, with the optimal 

performance seen in mixtures containing intermediate RAP levels (10% and 15%) (Apeagyei et 

al., 2011). Meanwhile, others found that increasing RAP content led to an increase in complex 

modulus, tensile strength, moisture damage resistance, fatigue life, and rutting resistance, while 

thermal cracking resistance decreased (Al -Qadi et al., 2012). Additionally, McDaniel et al. 

discovered that RAP addition increased the stiffness of the mixes, enhanced fatigue life, and did 

not significantly affect thermal cracking resistance (McDaniel et al., 2012). Izaks et al. observed 

that high RAP content mixtures had higher rutting resistance compared to traditional mixes, with 

similar mechanical properties such as fatigue resistance and stiffness (Izaks et al., 2015). 

Numerous variables influence the characteristics of asphalt mixes, thereby precluding 

broad generalizations regarding the effects of RAP. Factors such as the inherent variability of RAP, 

the complexities in determining the interaction levels among virgin binder, recycled binder, and 

additives, as well as the unresolved questions surrounding rejuvenators, have necessitated the 

development of novel mix design methodologies (West et al., 2018; Meroni et al., 2020). In 

response to these challenges, the BMD concept was introduced. This approach aims to effectively 

design asphalt mixes with HRAP contents, ensuring favorable performance outcomes (Zhou et al., 

2006; Meroni et al., 2020). 

2.3. The Definition of BMD 

BMD is defined as ñAsphalt mix design using performance tests on appropriately 

conditioned specimens that address multiple modes of distress taking into consideration, mix 

aging, traffic, climate, and location within the pavement structureò according to the former Federal 

Highway Administration Expert Task Group on mixtures and construction (West et al., 2018;  Yin 

and West, 2021). The BMD method replaces some aspects of traditional volumetric design with 

performance testing criteria for the most common distresses such as rutting and cracking.  The 

approach requires that a mixture design pass performance criterion for approval. Additional 

performance testing during production and construction may be required for mixture acceptance. 

Although BMD mixtures cannot compensate for an unsound underlying pavement structure or the 

selection of inappropriate maintenance treatments, BMD constitutes a significant step forward in 

the pursuit of better-performing asphalt mixtures. Numerous state highway agencies are looking 

into designing and accepting asphalt mixtures using the BMD concept (West et al., 2018; Yin and 

West, 2021). AASHTO PP 105, Standard Practice for Balanced Design of Asphalt Mixtures, 

proposes four primary approaches to BMD for mixture design, labeled A through D, having 

increased reliance on performance properties over volumetric requirements. The potential of 

innovation increases as compliance with the existing volumetric requirements decreases from 

Approach A (volumetric design with BMD verification) to Approach D (BMD design only) (West 

et al., 2018; AASHTO, 2020;  Yin and West, 2021; E-C280, 2022). 
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¶ Approach A ï Volumetric Design with BMD Verification. The current volumetric mix 

design method (i.e., Superpave, Marshall, or Hveem) is utilized as a starting point for 

determining the optimum binder content (OBC). The AC mixture is then tested with 

selected mechanical tests correlated to field performance to assess its resistance to 

distresses of interest at the OBC. If the mix design meets the performance test criteria, the 

job mix formula (JMF) is established and production begins. Otherwise, it is necessary to 

repeat the entire design process.  

¶ Approach B ï Volumetric Design with BMD Optimization. This approach is an 

expanded version of Approach A. It also starts with the conventional in-practice mix 

design method for determining a preliminary OBC based on volumetric properties. The 

AC mixtures with the preliminary OBC and two or more additional binder contents are 

then tested with selected performance tests. The asphalt binder content at which the 

corresponding AC mixture meets all performance criteria is then identified as the final or 

target OBC. Otherwise, the entire mix design process needs to be repeated until all the 

BMD test criteria are satisfied. 

¶ Approach C ï BMD-Modified Volumetric Design. In this approach, initial component 

material properties, proportions, and OBC are established using the current volumetric 

mix design method. Following the performance test, binder content or mix component 

properties are adjusted (for example, aggregates, asphalt binder, recycled materials, and 

additives) until the performance criteria are satisfied. The idea of this approach is to 

primary focus on meeting performance test criteria and not necessarily all the volumetric 

criteria. 

¶ Approach D ï BMD Performance Only. This approach establishes and adjusts mixture 

components and proportions based on performance analysis with limited or no agency 

requirements for volumetric properties. Upon meeting the performance criteria in the 

laboratory, the mixture volumetrics may be checked for use in production. 

2.4. State BMD Efforts  

The National Center for Asphalt Technology (NCAT) conducted a survey of State 

Highway Administrations (SHAs) and the asphalt pavement industry. As of 2020, the 

implementation status of BMD in the U.S. is presented illustrated inFigure 1-1 Figure 2-1. 

Numerous state highway agencies are looking into designing and accepting asphalt mixtures using 

the BMD concept.  
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Figure 2-1. Implementation Status of BMD Concept in the United States (NAPA 2020). 

California has implemented a comprehensive framework for BMD mixtures, 

encompassing performance-based specifications and its mechanistic empirical design program, 

CalME. These mixtures are predominantly designed for and applied to pavements with very high 

traffic volumes. In this framework, BMD specifications are specifically directed at plant-produced 

mixtures. The performance testing protocol within this system includes the Repeated Simple Shear 

Test (RSST), Bending Beam Fatigue (BBF) test, and the Hamburg Wheel-Track Test (HWTT) 

(Harvey et al., 2014). 

The Illinois Department of Transportation (IDOT) is currently adopting the 

implementation of BMD Approach A. As part of this process, IDOT mandates the execution of 

the HWTT, Illinois Flexibility Index Test (I-FIT), and a modified version of the Tensile Strength 

Ratio test. These tests are crucial for assessing pavement susceptibility to rutting, fatigue, and 

moisture damage, respectively. A publication by Al-Qadi et al. (2019) introduced a long-term 

aging protocol for the I-FIT, proposing the use of forced-draft ovens for aging compacted 

specimens. 

The Iowa DOT predominantly designs its asphalt mixtures using the conventional 

Superpave volumetric approach. However, for mixtures intended for very-high-volume traffic or 

those produced with specific aggregate mineralogy, an assessment for rutting resistance is 

mandatory. This assessment, conducted by either the contractor or an external mix design 

laboratory, involves the HWTT. The testing temperature for the HWTT is determined based on 

the Performance Grade (PG) high temperature of the asphalt binder. Furthermore, for specialized 

asphalt mixtures, additional performance testing and acceptance criteria may be necessary. In 

addition to these existing protocols, the Iowa DOT is contemplating the inclusion of the Disc-

Shaped Compact Tension Test in their BMD framework. This test would be used to evaluate the 

mixtureôs resistance to thermal cracking, as suggested by West et al. (2018). 
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The Louisiana DOT has adopted the BMD Approach A, which integrates conventional 

volumetric criteria with loaded wheel tracking (LWT) and Semi-Circular Bend (SCB) tests. These 

tests are utilized to assess rutting and intermediate temperature cracking, respectively, as part of 

their streamlined performance-based specifications. The process for roadway acceptance testing 

involves the collection of 25 random cores from five sublots, with each sublot providing five 

random cores. Some of these cores are used for density measurement and verifications, while 

others are subjected to LWT and SCB testing, as outlined by Mohammad et al. (2016). Ongoing 

efforts are focused on evaluating variations in test parameters across different specimen types 

(such as those from mix design, plant-produced, and field cores), developing an accelerated aging 

protocol, and integrating the SCB test into the quality control process.  

The New Jersey DOT (NJDOT) is currently employing the BMD Approach A for a variety 

of asphalt mixtures. These include RAP mixtures, high-performance thin overlays, binder-rich 

intermediate courses, bottom-rich base courses, and bridge deck waterproofing surface courses. 

The performance-testing protocol, applied during both the mix design and plant-production stages, 

encompasses APA testing at 64°C, Tensile Strength Ratio and Overlay Test (OT) at 25°C, and 

BBF testing at 15°C. For high RAP mixtures, the maximum APA rut depths after 8,000 cycles at 

64°C are set at 4.0 mm for modified asphalt binders and 7.0 mm for unmodified binders. 

Furthermore, the minimum number of cycles to failure using the OT for HRAP SMs is established 

at 275 cycles for modified mixtures and 200 cycles for unmodified mixtures. For high RAP 

intermediate and base mixtures, the required number of overlay test cycles is reduced to 150 for 

modified mixtures and 100 for unmodified mixtures. Binder-rich intermediate courses and high-

performance thin overlays are mandated to have APA rut depths of no more than 6.0 mm and 4.0 

mm, respectively, and a minimum of 700 and 600 overlay test cycles. In a move towards simpler 

and faster testing methods, such as the IDT at intermediate and high temperatures to evaluate 

cracking and rutting, preliminary thresholds for IDT strength at high temperature and the Cracking 

Tolerance Index (CT index) at intermediate temperature have been identified. These are currently 

under further investigation for potential implementation, as reported by Bennert et al. (2020). This 

approach signifies NJDOT's commitment to refining and enhancing testing procedures for optimal 

asphalt mixture performance. 

The Texas Department of Transportation (TxDOT) currently employs the BMD Approach 

A for specialized asphalt mixtures, including porous friction courses, Stone Matrix Asphalt, thin 

overlay mixtures, and hot in-place recycling of asphalt concrete surfaces. This approach 

necessitates the use of the HWTT and OT to assess the mixture's resistance to rutting/moisture 

damage and reflection/bottom-up cracking, respectively. The Superpave volumetric mix design 

criteria are utilized to establish an OBC, after which the HWTT and OT are applied to evaluate 

specimens at three different binder contents: OBC, OBC + 0.5%, and OBC + 1.0%. The final OBC 

selection is based on fulfilling the requirements of both tests. Additionally, Zhou et al. (2020) have 

proposed a quality control/quality assurance (QC/QA) acceptance protocol incorporating practical 

performance-related tests suitable for production QC, such as the IDT at intermediate and high 



15 

 

temperatures. This protocol involves sampling and conditioning produced loose mixtures at 135°C 

for 2 hours, followed by compacting performance test specimens to an air-void level of 7 ± 0.5%. 

The proposed QC production acceptance criteria include a minimum CT index at 25°C of 105 and 

a minimum IDT shear strength of 1.02 MPa at 50°C (Zhou et al., 2020). 

An increasing number of states are actively engaged in initiatives related to the Balanced 

Mix BMD approach. This list includes, but is not limited to, Florida, Georgia, Indiana, Minnesota, 

Nebraska, New Hampshire, New Mexico, Ohio, Oklahoma, Oregon, South Dakota, Utah, and 

Wisconsin. These states are part of a growing trend, recognizing the importance of BMD in 

advancing pavement design and performance (Diefenderfer et al., 2021a). 

2.5. Virginia B MD Efforts  

As one of these agencies, the VDOT has been working towards the implementation of 

BMD for several years. VDOT had been experiencing increased surface cracking over several 

years, and BMD was considered as a means to address cracking concerns. Another benefit of 

moving toward BMD that was attractive to VDOT was the opportunity to consider innovations in 

mixture designs. The efforts began during a time of interest in the use of high RAP contents and 

stemmed from the concern about the potential performance of these mixture and knowledge that 

volumetric design could not account for the performance of mixtures with higher RAP contents 

and/or other additives (Diefenderfer et al., 2023). 

In 2007, VDOT introduced specifications to allow higher percentages of RAP (i.e., up to 

30%) in SMs without adjustment of the virgin binder grade. By 2013, VDOT had begun to consider 

the feasibility of allowing the use of SMs containing up to 45% of RAP material (Diefenderfer et 

al., 2021b). Field trial projects featuring the use of 40-45% RAP contents in surface mixtures were 

constructed (Nair et al., 2019). In 2017, VDOT began to evaluate the feasibility of introducing 

performance requirements into mix design using the BMD method. In January 2018, an initial 

effort was undertaken to provide benchmark indications of performance for several conventional 

unmodified mixtures typically used in Virginia to support proposed pilot projects containing 

higher RAP contents. Three fast, simple, and practical performance-indicative tests addressing 

different modes of distress were selected for use as part of the BMD method. The selected tests 

were Cantabro test, the indirect tensile cracking test (IDT-CT) at intermediate temperature, and 

the asphalt pavement analyzer (APA) rut test for assessing the overall potential for durability, 

cracking, and rutting of asphalt mixtures, respectively. Initial performance threshold criteria were 

then developed for the selected tests: a maximum of 7.5% mass loss for the Cantabro test, a 

maximum of 8.0 mm of rut depth at 64°C for the APA rut test, and a minimum CT index of 70 for 

the IDT-CT at 25°C. Moreover, Diefenderfer et al. assessed and validated the developed 

performance-based specifications for surface asphalt mixtures produced using unmodified asphalt 

binders prior to full implementation in Virginia (Diefenderfer et al., 2021b; Habbouche et al., 

2022). 
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Two VDOT BMD special provisions were then drafted and revised for use in pilot projects: 

Special Provision for HRAP Content Surface Mixtures Designed Using Performance Criteria and 

Special Provision for Dense Graded Surface Mixtures Designed Using Performance Criteria. In 

2019, two field trials were planned and executed to design, produce, and place BMD mixtures in 

Virginia. These field trials constituted the first applications of these BMD specifications. Nine 

mixtures were evaluated from the two field trials; the mixtures incorporated combinations of 

different RAP contents, two binder grades, two RAs, and two warm mix asphalt (WMA) additives 

(Diefenderfer et al., 2021b). In 2020, additional field trials featuring the use of higher RAP content, 

softer binder, RAs, and various other additives such as fibers and softening oils were planned and 

constructed. Based on the test results, mixtures containing a softer binder, 40% RAP, and RAs 

may be designed and produced to meet current BMD performance thresholds and current 

volumetric properties, gradation, and asphalt content requirements. However, the long-term field 

and laboratory performance of all these mixtures needs to be evaluated to verify these early 

findings (Diefenderfer et al., 2023). Currently, VDOT allows the incorporation of RAP contents 

up to 30% in dense-graded SMs with A and D. The "A" designation corresponds to a PG 64-22 

asphalt binder, while "D" corresponds to a PG 70-22 binder. These mixtures are intended for traffic 

loads of 0 to 3 million equivalent single axle loads (ESALs) and 3 to 10 million ESALs, 

respectively. 

2.6. Laboratory Performance Tests 

Laboratory performance tests play an essential role in the BMD process, as they serve not 

only to guarantee the production of sustainable and cost-effective materials but also to validate the 

long-term performance of HRAP asphalt mixtures. Various performance tests may be conducted 

to support the mix design and quality control. It is essential to undertake a comprehensive 

evaluation of the performance of mixtures by analyzing the results of various performance tests 

for rutting and crackingðthe primary distresses of concern.  

2.6.1. Rutting Tests 

2.6.1.1. Flow Number Test 

By applying haversine compressive-load pulses (represented in Figure 2-2) and recording 

the cumulative deformation as a function of a number of load cycles, the repeated load test was 

initially developed to identify the permanent deformation characteristics of HMA mixtures. A 

certain testing stress level must be selected in order to achieve tertiary flow in a reasonable number 

of cycles not exceeding 10,000. According to AASHTO T378, the use of confining pressure is 

optional but, if used, it must be maintained at a constant level throughout the test. The flow number 

(FN) is defined as the number of load cycles corresponding to the minimum rate of change in 

permanent axial strain, which marks the onset of the tertiary region (as depicted in Figure 2-3). In 

other words, FN indicates the initiation of shear deformation in asphalt mixtures, serving as a 

meaningful indicator of rutting resistance. Researchers also used this repeated load test for cold 
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recycling materials, applying a loading stress level of 138 kPa (0.1 s loading with 0.9 s rest) at 40 

 and found a higher flow number was obtained with the decrease of foam asphalt content (Kim 

et al., 2009). 

 

Figure 2-2. Loading in the flow number test (Bonaquist, 2012). 

 
Figure 2-3. FN testing plot (Kim et al., 2009). 

2.6.1.2. Asphalt Pavement Analyzer (APA) Rut Test 

The Asphalt Pavement Analyzer (APA) (shown in Figure 2-4) is a loaded wheel tester 

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

susceptibility in both HMA and CR mixtures. A number of recycling mixtures containing hot lime 

slurry have been tested by APA for rutting resistance and moisture damage (Cross, 1999). Another 

feature of APA is that it can be used to perform Hamburg Loaded Wheel Test (HLWT), Loaded 
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Wheel Fatigue Test (LWFT) and Asphalt Pavement Analyzer Testing (Cox and Howard, 2015). 

The APA rut test was performed on specimens prepared from loose mixture collected during 

production in accordance with AASHTO T 340. The APA rut test was performed on specimens 

150 mm in diameter by 75 ± 2 mm in height compacted using a gyratory compactor to in-place 

and 7 ± 0.5% air voids. This test simulates rutting in the laboratory by applying a loaded wheel 

back and forth over a pressurized rubber tube located along the surface of the test specimen at a 

temperature of 64°C which is equal to the high PG temperature of the employed asphalt binder. 

After 8,000 cycles were applied, the deformation of the specimen was measured. For each mixture, 

two replicates were tested, and an average was reported. 

 

Figure 2-4. Asphalt Pavement Analyzer. 

2.6.1.3. Hamburg Wheel Tracking (HWT) 

To determine the rutting and stripping characteristics of asphalt mixtures, the HWT 

simulates traffic loading on specimens. In the HWT test, a steel wheel moves (around 52 

passes/min) across a pair of asphalt mixing asphalt mixture specimens submerged in water. 

Through the use of a linear variable displacement transducer (LVDT), the rut depth is measured at 

11 points in the wheel's passing direction (Bairgi et al., 2022). 

2.6.1.4. Stress Sweep Rutting (SSR) Test 

SSR test was performed in accordance with AASHTO TP 134 to assess the resistance of 

mixtures to rutting under repetitive loading, simulating the conditions experienced by pavements 

under repeated traffic loads. SSR testing was originally motivated by NCHRP Project 09-19, which 

showed that mixtures are sensitive to load level, loading history, and temperature under deviatoric 

axial loads. Four specimens were subjected to a confined cyclic compression testing at two 

different temperatures (Ὕ and Ὕ). In both cases, the specimens were subjected to three 200-cycle 

loading blocks of three deviatoric stress levels, and constant confining pressure of 69 kPa. In the 
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testing, the permanent deformation of specimens is measured with its deviatoric stress, loading 

history, and temperature. Once a shift model is established, the permanent deformation of asphalt 

layers as a function of pavement depth and time can then be predicted by the pavement 

performance prediction program, FlexPAVEÊ (Ghanbari et al., 2020). The rutting strain index 

(RSI) represented by FHWA, with the support of the shift model built by SSR, can be used as a 

rutting indicator (Ghanbari et al., 2020). The RSI is the percent average permanent strain calculated 

by repeating 30 million 18-kip equivalent single-axle load (ESAL) over 20 years on a standard 

pavement structure (Ghanbari et al., 2020). A lower RSI value is an indicator of a greater resistance 

to rutting for a given mixture. 

2.6.2. Cracking Tests 

2.6.2.1. Indirect Tensile Cracking Test (IDT-CT) 

IDT-CT is a basic test (also known as IDEAL-CT) commonly used by state agencies and 

was incorporated into the BMD approach for VDOT to evaluate mixture resistance to cracking. 

The test was conducted at 25°C on SGC specimens 150 mm in diameter and 62 mm in height 

compacted to 7 ± 0.5% air voids in accordance with ASTM D8225. During the test, specimens 

were subjected to a constant load-line displacement rate of 50 ± 2 mm/min. The cracking tolerance 

index (CT index) was then calculated from the test load-displacement curve / data. Five specimens 

were tested for each mixture and an average CT index was reported.  

2.6.2.2. Texas Overlay Tester (OT testing) 

To evaluate cracking susceptibility, the OT testing simulates the reflective cracking 

mechanism of opening and closing joints and/or cracks (Bairgi et al., 2022). A cylindrical 

specimen of 150mm in diameter and 100mm in height is cut into a specimen of 50mm in height 

and 76mm in width. With epoxy, the specimens were attached to the testing plate and cured for 24 

hours. The test specimen is subjected to a triangular cyclic displacement with an amplitude of 

0.025 inches, and the required load is measured. The test ends up with a target percent reduction 

(93%) of maximum load. Critical fracture energy (Ὃ) and crack propagation rate are determined, 

describing the fatigue and flexibility properties of the specimen during crack propagation.  

2.6.2.3. Semi-circular Bending (SCB) 

The SCB method is a three-point bending test performed on a semicircular specimen with 

a notch. The tension produced at the bottom of the sample leads to crack propagation. An 

evaluation of strain energy (U) and J-integral was completed in this study. The area under the load-

deformation curve is defined as the strain energy. The linear elastic fracture mechanics describes 

the strain energy, which is the energy required to create a unit area of a crack. On the other hand, 

J-integrals indicate critical fracture energies or critical fracture resistances cracks (Bairgi et al., 

2022). 
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2.6.2.4. Direct Tension Fatigue Test 

Direct tension cyclic fatigue tests were performed using the AMPT machine in accordance 

with AASHTO TP 107. The simplified viscoelastic continuum damage (S-VECD) model was used 

to assess the fatigue characteristics of the six mixtures. The cyclic fatigue test was performed at 

24°C on specimens 100 mm in diameter by 130 mm in height cored from samples 150 mm in 

diameter by 175 mm in height compacted from loose mixtures collected from the plant during 

production. First, dynamic footprint testing was performed to calculate a dynamic modulus ratio 

(DMR). The number of cycles to failure (Nf) of the test specimens was determined when the phase 

angle or modulus value multiplied by the number of loading cycles (|E*|xN) reaches a maximum 

value followed by a sharp drop (Underwood et al., 2010).  

The S-VECD model developed by Underwood et al. was used to predict the cumulative 

damage for different loading histories under different temperatures as it incorporates time-

temperature superposition principle and the pseudo strain energy concept (Underwood et al., 

2010). The pseudo strain energy is dependent on both pseudo strain and pseudo stiffness; the 

pseudo strain was determined using Equation 2-1. 

‐ Ὁὸײ᷿ † Ä†  (1)       Equation 2-1 

Where ‐ = pseudo strain; t = time; † = reduced time; E(t) = relaxation modulus; ‐ = strain; 

and Ὁ  = the reference modulus.  

Based on assumptions from S-VECD theory, in the quasi-static cyclic status, the simplified 

‐  is shown in Equation 2-2. The pseudo stiffness (C), presented in Equation 2-3, gradually 

decreases from 1 to nearly 0 and indicates the material condition from its intact state to failure. 

With the pseudo energy concept, the relationship between C and S, known as damage characteristic 

curve (C-S curve), can be determined using in Equation 2-4.  

 

‐ ȿὉȿzẗ‐             Equation 2-2 

ὅ                  Equation 2-3 

ὅ ρ ὅ Ὓ              Equation 2-4 

Where ὅ  and ὅ  are the model coefficients. 

The Ὀ  failure criterion, determined using Equation 2-5 can be applied to the S-VECD 

model. Ὀ  can serve as an indicator of toughness for the evaluated material, as demonstrated in 

Figure 5b, where a higher value signifies greater resistance of the material to damage (Wang et al., 

2020). 

Ὀ
᷿ ײ  

          Equation 2-5 

 

To define the mixturesô fatigue performance, a fatigue cracking index parameter (Ὓ ), 

considered both the materialôs modulus and toughness, is used.  The calculation of Ὓ  can be 
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found in Equation 9 (Wang et al., 2020) and conducted with FlexMATÊ for Cracking, an Excel-

based tool provided by the Federal Highway Administration (FHWA, 2019). 

2.6.3. Multi -level Performance Evaluation 

Meroni et al. defined three levels of performance tests (basic, intermediate, and advanced) 

based on degree of complexity, cost, time, and training requirements (Meroni et al., 2021).  

¶ The basic level included tests characterized with a short time for the specimen 

preparation and testing without requiring any specific cutting, coring, and gluing. Simple 

performance tests are noteworthy due to their practical features such as easy execution, 

reduced expenses, and time saving. For instance, the Cantabro mass loss test and IDT-CT 

at intermediate temperature were selected by VDOT for BMD implementation. 

¶ The intermediate level included tests that require longer times for specimensô 

preparation and testing. The APA rut test was also selected by VDOT for BMD 

implementation. 

¶ The advanced level features tests that require operations of cutting and/or coring to 

prepare the specimens as well as multiple days to be able to complete and analyze the test 

results. These tests usually require the use of the Asphalt Mixture Performance Tester 

(AMPT). The development of AMPT was initiated through National Cooperative 

Highway Research Program (NCHRP) Project 09-19 (Witczak et al., 2011) and NCHRP 

Project 09-29 (Bonaquist et al., 2003). The AMPT-based tests provide fundamental 

properties that are used in a pavement mechanistic-empirical (ME) design framework 

(e.g., AASHTOWare® Pavement ME and FlexPaveTM) for structural pavement design 

and assessment. Examples of advanced tests include the dynamic modulus (|E*|) test, the 

direct tension cyclic fatigue test (CF), the stress sweep rutting (SSR) test.     

A summary of the tests across different categories is presented in Figure 2-5. The tests 

highlighted in red are those utilized in the evaluation within this dissertation. 
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Figure 2-5. Multi-level laboratory performance tests. 

2.7. Accelerated Pavement Testing 

In addition to performance testing and evaluation in the laboratory, APT serves as a 

valuable tool to bridge the significant gap between ME design models developed using laboratory 

material testing characterization and the actual long-term pavement performance monitoring. APT 

offers a means to assess the performance of full-scale constructed pavements in an accelerated 

manner. This involves deliberately applying wheel loading, typically surpassing the de-sign load 

limit, to a pavement system to assess its response within a significantly condensed timeframe. 

Therefore, it provides insights that complement long-term pavement performance monitoring and 

analysis (Harvey and Popescu, 2000). This accelerated evaluation is accomplished through several 

means, including intensifying the number of load repetitions, adjusting loading conditions, 

introducing specific climatic conditions in terms of temperature and moisture, implementing 

thinner pavements with reduced structural capacity, or employing a combination of these factors 

(Steyn, 2012).  

Numerous research institutions worldwide have developed and utilized APT facilities to 

investigate a vast array of topics. In South Africa, studies have delved into large aggregate mix 

bases, granular emulsion mixtures, rehabilitation strategies for cement-stabilized base pavements, 

and porous asphalt (Du Plessis et al., 2006). In 2020, Rust et al. evaluated two nano-silane-

modified, emulsion-stabilized pavements under APT (Rust et al., 2022). In the Nordic region, 

institutes such as VTT in Finland and VTI in Sweden have examined common Finnish pavement 

structures, assessing the efficacy of mill-and-fill maintenance treatments aimed at increasing load-

bearing capacities (Du Plessis et al., 2006). In France, pioneering research on electric road systems 

is gaining momentum, with the Charge As You Drive (CAYD) project conducting APT test on 

inductive charging system (Online resource: CAYD project). In the U.S., Californiaôs APT efforts 

have explored a diverse suite of materialsðdense-graded asphalt concrete, asphalt rubber, 
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aggregate base, cement-treated base, and asphalt-treated permeable base (Plessis et al., 2006)ð

culminating in refined damage models that were calibrated using data from the Heavy Vehicle 

Simulator (HVS) for the California Mechanistic-Empirical software package (CalME) (Ullidtz et 

al., 2005). The Florida Department of Transportation (FDOT) has conducted assessments on the 

effects of polymer modification of Superpave mixtures, rutting performance of coarse and fine-

grained mixtures, the implementation of PG 76-22 Asphalt Rubber Binder in Florida (Du Plessis 

et al., 2006, Greene et al., 2015). Furthermore, rutting performance evaluations of hot mix asphalt 

(HMA) and warm mix asphalt (WMA) concrete under high aircraft tire pressures and elevated 

temperatures were conducted at the National Airport Pavement and Material Research Center 

(Garg et al., 2018). Across the Pacific in China, top-down cracking has been a focal point, with 

researchers deploying a portable seismic property analyzer to monitor modulus reduction, offering 

a novel approach to evaluating pavement fatigue under APT simulations (Ma et al., 2018). Each 

of these initiatives underscores the dynamic and region-specific applications of APT, as 

institutions worldwide work to unravel the complexities of pavement performance under 

accelerated conditions. 

In the U.S., Virginia is among the states that have implemented the use of APT facilities 

for pavement evaluation purposes (Figure 2-6). In 2015, a collaborative experiment between the 

VTRC, VDOT, and Virginia Tech was initiated and executed at the Virginia APT facility located 

at the VTTI. The experiment encompassed three major studies, including the investigation of the 

impact of different overlays on cold central plant recycling (CCPR) material (Xue et al., 2017; 

Xue et al., 2020; Flintsch et al., 2020), the assessment of field performance of two distinct dense-

graded SMs designed with varying design gyration levels (50 and 65) (Meroni et al., 2020), and 

the examination of reflection cracking. In 2020, another effort was planned and initiated to assess 

the application of the BMD concept in designing durable and longer-lasting mixtures in Virginia 

with a particular emphasis on mixtures incorporating relatively higher RAP contents. The 

overarching scope of the effort included the development of the APT experiment, verification of 

mix design performance, documentation of paving operations and construction practices, and 

mixture sampling during production. Moreover, it included coring of as-placed material, testing 

and analysis of the volumetric and performance properties of mixtures, actual testing using a HVS 

for rutting and cracking studies, analyses of collected pavement responses and generated data, and 

documentation of observations and lessons learned. A total of six experimental-testing lanes were 

constructed. These lanes featured the use of typical and high RAP contents, RA, softer binder, and 

WMA additive.   
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Figure 2-61. Virginia APT facility and field construction at VTTI. 

2.8. Machine Learning 

In the current landscape, characterized by the exponential growth of data and the 

continuous advancement of iterative algorithms, the reemergence of ML approaches presents a 

promising avenue for uncovering nonlinear interactions among constituent factors within large 

datasets, thereby enhancing predictive accuracy across various domains including pavement 

engineering. Some commonly used ML models are introduced below: 

2.8.1. Support Vector Machines 

Support Vector Machines (SVM) is first developed by Cortes and Vapnik (1995). It can 

virtually transform inherent non-linearly related data in higher dimension space and separate them. 

(Nonlinear relation hopefully tends to be separable in different dimensions from the original one). 

A quick illustration is shown in the following figure. This aim is achieved by incorporating kernel 

functions such as radial kernel and polynomial kernel functions. The kernel function will help to 

calculate the high dimensional relationship between each pair of nodes (data) so as to find the soft 

margins (Figure 2-7). It is noting the accuracy of the SVM is strongly affected by the type of kernel 

function you selected. Gungor and Al-Qadi already utilized this algorithm to develop ML model 

for airfield pavement response prediction (Gungor and Al-Qadi, 2018). Support Vector Regression 

(SVR) extends the concepts of SVM to solve regression problems, aiming to find a function f(x) 

that has at most Ů deviation from the actually obtained targets ώ for all the training data. Introduced 

by Vapnik et al. (1996), SVR is grounded in the principles of statistical learning theory and 

structural risk minimization, which seeks to minimize an upper bound of the generalization error 

rather than the training error. This approach allows SVR to achieve high generalization 

performance, making it robust to overfitting, especially in high-dimensional spaces. 

 
1 This figure is stored in VTTI CSRI project folder. 
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Figure 2-7: Separate 2-D data in 3-D dimension virtually (Gungor and Al -Qadi, 2018) 

2.8.2. Artificial Neural  Network (ANN) 

The ANN algorithm has its roots in biological neuron systems. ANN algorithms are 

efficient at detecting nonlinear relationships between inputs and outputs. The architecture of an 

ANN consists of three layers: an input layer, a hidden layer, and an output layer, and each layer 

consists of neurons (nodes). Each node is connected to another neuron and has a weight and 

activation threshold associated with it. Training an ANN model involves adjusting the weights of 

all nodes by minimizing the error between outputs and actual targets. The activation threshold is 

described as an activation function. How well an ANN learns a dataset depends on the choice of 

the activation function. The ANNôs architecture is mainly associated with the specific problem to 

be solved. A quick look at the specific architecture is shown below. Kim et al (2019) built the 

ANN-based predictive model for dynamic modulus. And ANN was used by Xiao et al., 2009 to 

predict pavement fatigue life (Figure 2-8). 

 
Figure 2-8. Example of three-layer ANN architecture (Xiao et al., 2009) 
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2.8.3. Random Forest 

Random Forest (RF) stands out as a versatile and powerful ensemble learning method. It 

operates by constructing a multitude of decision trees during the training phase. The idea is to 

create an ensemble (forest) of trees where each tree is slightly different from the others. This 

diversity is achieved by using a random subset of the training data to build each tree and by 

randomly selecting a subset of features at each split in the construction of the trees (Breiman, 2001). 

During predictions, RF aggregates results by taking the majority vote from classification trees or 

averaging predictions from regression trees. This aggregation process helps in improving the 

predictive accuracy and mitigating over-fitting-a common problem in decision tree models. RF's 

versatility is a key strength, as it adeptly handles both categorical and continuous data while 

remaining robust to outliers and nonlinear data (Breiman, 2001). Furthermore, RF provides 

valuable insights into feature importance, facilitating the straightforward identification of the most 

influential variables contributing to the prediction process. Guo and Hao (2021) took RF to predict 

the location of potential damage on asphalt pavement. Rahman et al (2021) explored the RF to 

assess the indirect tensile strength. RF structure are represented in Figure 2-9. 

 

Figure 2-9. Random forest structure (Online resource).2 

2.8.4. Extreme Gradient Boosting 

XGBoost, short for Extreme Gradient Boosting, is an advanced and highly efficient 

implementation of gradient boosting machines (Chen and Guestrin, 2016). XGBoost has currently 

gained popularity in the machine learning community, emerging as a highly competitive algorithm. 

This acclaim stems from its adeptness in managing large-scale datasets, its exceptional predictive 

accuracy, and its fast, efficient, and open-source implementation. Moreover, XGBoost offers a 

commendable selection of default splitting criteria, as well as well-considered criteria for 

 
2 Online resource: https://images.app.goo.gl/Fx86R7gCP5UK1Kch8 
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determining when to stop splitting. Furthermore, it incorporates built-in regularization 

mechanisms designed to mitigate the risk of overfitting (Chen and Guestrin, 2016). 

2.9. Summary of L iterature Review 

The literature review provided a comprehensive understanding of the current state of RAP 

usage across different regions and the implementation status of the BMD approach by various 

transportation agencies. The diverse range of performance tests, employing varying loading 

methods and mechanical principles, offers valuable tools for predicting the performance of 

designed asphalt mixtures in terms of rutting and cracking at the laboratory scale. The well-

established application of APT further supports the validation of laboratory tests and field 

performance evaluations. Moreover, the widespread use of machine learning techniques and 

models in engineering has been recognized as a potential solution to address limitations in 

traditional methods and real-world challenges. With their powerful ability to explore complex 

nonlinear relationships and make accurate predictions, these techniques demonstrate significant 

potential for optimizing asphalt mixture design. Overall, the literature review offers detailed 

background, challenges, and methodological support for the research.  
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CHAPTER 3 - Multi -Level Performance Evaluation of BMD Surface 

Mixtures with Conventional and High RAP Contents: A 

Case Study in Virginia3 

3.1. Abstract 

This study investigated one control and five BMD optimized asphalt surface mixtures, four 

of which had high RAP contents (HRAP mixtures), using laboratory performance tests 

characterized with different levels of complexity. The performance of the evaluated mixtures was 

assessed based on durability, rutting resistance, and cracking resistance as emphasized by BMD. 

The study explored the ranking of a single index and correlations among various indices. Assisted 

by 3-D and ternary plots, this study also proposed a novel CPI that combines major indices 

(durability, cracking, and rutting) to evaluate the performance of BMD optimized mixtures. The 

results revealed discrepancies between basic/intermediate performance test results and advanced 

performance test results. The comparisons conducted also underscored the beneficial impacts 

derived from using softer binders and/or recycling agents in HRAP mixtures. Furthermore, the 

findings indicated that the BMD approach can serve as an effective framework for designing 

asphalt mixtures that simultaneously enhance both fatigue cracking and rutting performance. 

Moreover, the study revealed HRAP BMD surface mixtures can exhibit superior overall 

performance when compared to conventionally designed control mixtures. 

 

Keywords: reclaimed asphalt pavement, high RAP, asphalt concrete, balanced mix design, 

performance, implementation, accelerated pavement testing, correlations, recycling agents.  

  

 
3 This paper has been published in the Internation Journal of Pavement Engineering. Citation: Tong, B., Habbouche, 

J., Diefenderfer, S. D., & Flintsch, G. W. (2024). Multi-level performance evaluation of BMD surface mixtures with 

conventional and high RAP contents: a case study in Virginia. International Journal of Pavement Engineering, 25(1), 

2325609. Contribution: Conceptualization: Lead; Methodology: Lead; Resources: Equal; Data Processing and 

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

editing: Lead. 
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3.2. Objective and Scope 

The 2020 APT testing lanes were among the trials that served as the first application of the 

BMD special provisions to production. They provided an opportunity to evaluate the impact of the 

specifications on the design, production, quality control and assurance practices, and construction 

of SMs. The specific objectives of this paper are to document the process of developing a control 

mixture and five engineered mix designs using the BMD concept and to provide a comprehensive 

laboratory evaluation of mixtures sampled during production using multiple levels of performance 

testing complexity (basic, intermediate, and advanced). Subsequently, this study presents the 

ranking results based on singular performance tests. Additionally, an in-depth analysis is 

conducted to investigate the relationships and distinctions among various laboratory performance 

test results, aiming to uncover potential discrepancies that may arise when different levels of 

performance tests are used. This investigation extends beyond a singular performance index and 

involves the exploration of optimized mixtures based on the BMD design by examining the 

correlations between primary performance tests and recommending a novel CPI. As a visual aid, 

a 3-D plot, complemented by a ternary plot, is proposed to effectively depict the internal "balance" 

state among the three primary performance indices. The utilization of this visualization tool allows 

for a thorough understanding of the impact of BMD optimization efforts on the evaluated mixtures. 

3.3. Experimental Program 

A total of one control and five BMD 9.5mm dense-graded SMs were designed, produced, 

and sampled for evaluation in this study. The mixtures incorporated various combinations of RAP 

contents, two binder PGs, one RA, and one WMA additive. The RAP content in the mixtures was 

determined based on the total weight of the mixtures. Considering the scale of the plant production 

for Virginia APT project, the materials were well-controlled and the RAP use for all mixtures was 

the same. The RA, a product derived from tall oils and fatty acids, was added to the mixtures in 

addition to the virgin and RAP binders so that there was no partial replacement of either the virgin 

or RAP binders with the RA. A 100% blending ratio was assumed, and the design asphalt contents 

accounted for the contribution of asphalt binder from RAP materials. The WMA additive used is 

a bio-based product that is also used as an antistrip agent. The mixtures are defined as follows:  

¶ 30_C: a non-BMD mixture serving as a control with 30% RAP content and PG 64S-22 

binder (S denotes standard traffic). This mixture was designed following VDOTôs 

Superpave mix design methodology with the optimum binder content (OBC) selected for 

voids in total mixture (VTM) of 4%.  

¶ 30_O: a BMD optimized version of mixture 30_C featuring the use of 30% RAP content 

and a PG 64S-22 at a relatively higher OBC when compared to mixture 30_C. The 

optimization process involved adjusting the aggregate gradation and increasing the 

asphalt binder content.  
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¶ 45_HR: a BMD optimized HRAP mixture with 45% RAP and PG 64S-22 binder. This 

mixture design resulted in a much higher OBC when compared with all other evaluated 

mixtures. No softer binder or RA were used during the design and production of this 

mixture.  

¶ 45_HR_RA: a BMD optimized HRAP mixture with 45% RAP, PG 64S-22 binder, and an 

RA. 

¶ 45_HR_L: a BMD optimized HRAP mixture with 45% RAP and a softer binder, PG 58-

28. 

¶ 60_HR_L_RA: a BMD HRAP mixture with 60% RAP, a softer binder (PG 58-28), and 

an RA. 

The BMD optimized mixtures were designed following VDOT BMD specifications using 

Approach D (Performance Only) (West et al., 2018; Yin and West, 2021). The design volumetric 

properties and gradations of all mixtures are shown in Table 3-1. The BMD performance properties 

of the six mixtures at OBC determined during design are also shown in Table 3-1. During the 

design stage, the short-term oven aging (STOA) protocol consisted of 2 hours at compaction 

temperature for Cantabro and APA tests, and 4 hours at compaction temperature for the IDT-CT. 

Table 3-1. Volumetric Properties and Gradations for APT Mixtures - Design 
Mixture ID  30_C 30_O 45_HR 45_HR_RA 45_HR_L 60_HR_L_RA 

Description Non-BMD BMD BMD HRAP BMD HRAP BMD HRAP BMD HRAP 

Composition  

RAP Content, % 30 30 45 45 45 60 

Asphalt Binder  PG 64S-22 PG 64S-22 PG 64S-22 PG 64S-22 PG 58-28 PG 58-28 

Additives WMA WMA WMA WMA + RA WMA WMA + RA 

Property 

Ndesign, gyrations 50 50 50 50 50 50 

NMAS, mm 9.5 9.5 9.5 9.5 9.5 9.5 

Asphalt Content, %  5.6 6.0 6.8 6.2 6.0 6.0 

RBR 0.24 0.22 0.29 0.32 0.33 0.44 

Rice SG (Gmm) 2.531 2.517 2.497 2.519 2.521 2.538 

VTM, % 4.0 2.1 5.2 2.7 4.2 1.5 

VMA, % 16.8 15.9 20.2 16.9 17.9 15.3 

VFA, % 76.2 87.0 74.3 84.0 76.6 90.0 

FA Ratio 1.0 1.1 1.2 1.2 1.3 1.5 

Mixture Bulk SG (Gmb) 2.429 2.465 2.367 2.452 2.415 2.500 

Performance Properties at Optimum Asphalt Binder Content 

Cantabro Mass Loss, 25ºC, % 2.9 3.2 4.1 2.8 2.7 4.0 

APA Rut Depth, 64ºC, mm 5.4 4.2 5.6 7.2 4.9 3.7 

CT index, 25ºC 58 112 299 96 141 128 

Gradation / Sieve Size % Passing 

¾ in (19.0 mm) 100.0 100.0 100.0 100.0 100.0 100.0 

½ in (12.5 mm) 100.0 100.0 100.0 100.0 100.0 100.0 

3/8 in (9.5 mm) 94.0 96.0 93.0 93.0 92.0 92.0 

No. 4 (4.75 mm) 66.0 66.0 63.0 63.0 63.0 62.0 

No. 8 (2.36 mm) 39.0 41.0 38.0 38.0 40.0 39.0 

No. 16 (1.18 mm) -- -- -- -- -- -- 
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No. 30 (600 µm) 23.0 17.0 18.0 18.0 19.0 20.0 

No. 50 (300 µm) -- -- -- -- -- -- 

No. 100 (150 µm) -- -- -- -- -- -- 

No. 200 (75 µm) 5.8 6.6 7.4 7.4 7.5 8.3 

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

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

aggregate size; RBR = recycled binder ratio, which is the ratio of RAP binder content to the mixture total binder 

content; SG = specific gravity; VTM = voids in total mixture; VMA = voids in mineral aggregate; VFA = voids 

filled with asphalt; FA = fines to aggregate; C = control; O = optimized; HR = high reclaimed asphalt pavement; RA 

= recycling agent; L = softer virgin binder. 

The volumetric properties and gradations of all mixtures collected during one sampling 

during plant production are shown in Table 3-2. Note that corresponding plant-produced 

specimens were fabricated from reheated loose mixture sampled in boxes during production. The 

process of preparing reheated specimens involved reheating the loose mixture in boxes until 

workable, splitting the material into specimen quantities, and heating to the appropriate 

compaction temperature and compacting. Mixtures were not subjected to any additional oven 

aging. 

According to Table 3-1, the major change noted among mixtures was that the selected 

OBCs for the BMD mixtures were higher when compared to the non-BMD control mixture 30_C, 

which could be attributed to the need for increased asphalt binder to meet the cracking performance 

criterion, a CT index of 70 for short-term aged mixtures. The use of softer binder and/or RA 

(mixtures 45_HR_RA, 45_HR_L, and 60_HR_L_RA) resulted in a lower OBC when compared 

with mixture 45_HR in which none of these alternatives were employed to address the use of high 

RAP content. Finally, mixture 45_HR exhibited the highest sensitivity to asphalt binder content 

among all evaluated mixtures. During the development of the mixture design, it was observed that 

a slight change in the binder content (e.g., ± 0.2%) may result in passing or failing CT index values.  

During production (refer to Table 3-2), all evaluated mixtures except mixture 45_HR had 

binder contents similar to or slightly deviated from the design and within the allowable tolerance 

according to VDOT specifications. However, an increase of almost 0.4% in binder content from 

the design phase was observed for mixture 45_HR. No major changes in aggregate gradations 

between design and production were observed for any evaluated mixture regardless of the RAP 

content. Finally, the extracted and recovered asphalt binder from the produced mixtures (in 

accordance with AASHTO T 164 and AASHTO T 319) exhibited similar low and high PG 

temperatures except for mixture 45_HR; this mixture showed a much lower high temperature PG 

which could be attributed to the dominance of the virgin binder due to the relatively higher binder 

content. The subsequent sections primarily focus on the assessment and discussion of the 

performance of one set of reheated specimens taken from the APT production. In total, there were 

four sets of materials obtained from the production process. One of these sets (Table 3-2) was 

employed for conducting multi-level laboratory tests, while the remaining sets were only used for 

VDOT BMD tests (Tong et al. 2023). A comprehensive analysis of the reheating effect and the 
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variability in volumetric properties from design to production will be addressed in future 

publications. 

Table 3-2. Volumetric Properties and Gradations for APT Mixtures During Production 
Mixture ID  30_C 30_O 45_HR 45_HR_RA 45_HR_L 60_HR_L_RA 

Description Non-BMD BMD BMD 

HRAP 

BMD 

HRAP 

BMD 

HRAP 

BMD HRAP 

Composition  

RAP Content, % 30 30 45 45 45 60 

Asphalt Binder  PG64S-22 PG64S-22 PG64S-22 PG64S-22 PG58-28 PG58-28 

Additives WMA WMA WMA WMA + RA WMA WMA + RA 

Property 

Ndesign, gyrations 50 50 50 50 50 50 

NMAS, mm 9.5 9.5 9.5 9.5 9.5 9.5 

Asphalt Content, %  5.44 6.14 7.22 6.15 6.00 6.14 

Rice SG (Gmm) 2.604 2.515 2.505 2.546 2.544 2.548 

VTM, % 6.0 4.6 0.6 2.6 2.4 1.7 

VMA, % 18.6 18.4 17.5 16.8 16.5 15.8 

VFA, % 67.5 75.2 96.5 84.6 85.7 89.5 

FA Ratio 1.12 1.07 1.21 1.39 1.21 1.35 

Mixture Bulk SG (Gmb) 2.448 2.400 2.490 2.480 2.482 2.506 

Aggregate Effective SG 

(Gse) 
2.855 2.777 2.820 2.817 2.807 2.820 

Aggregate Bulk SG 

(Gsb) 
2.841 2.761 2.799 2.797 2.795 2.794 

Absorbed Asphalt 

Content (Pba), % 
0.18 0.21 0.27 0.26 0.16 0.34 

Effective Asphalt 

Content (Pbe), % 
5.27 5.94 6.97 5.90 5.85 5.82 

Effective Film Thicness 

(Fbe), µm 
9.2 10.9 10.8 9.1 9.7 8.7 

PG of E&R Binder 76.9-18.3 77.8-20.6 70.8-21.4 76.9-21.3 79.3-18.8 76.4-20.6 

Gradation / Sieve Size % Passing 

¾ in (19.0 mm) 100.0 100.0 100.0 100.0 100.0 100.0 

½ in (12.5 mm) 99.3 99.5 98.0 98.5 98.7 98.4 

3/8 in (9.5 mm) 93.7 94.3 91.9 94.2 93.8 93.4 

No. 4 (4.75 mm) 64.5 65.4 61.1 66.8 63.3 66.5 

No. 8 (2.36 mm) 39.9 41.1 39.0 42.4 41.9 43.6 

No. 16 (1.18 mm) 29.4 25.4 25.7 27.0 27.2 29.9 

No. 30 (600 µm) 23.5 16.6 18.4 18.8 19.1 21.8 

No. 50 (300 µm) 13.9 11.2 13.6 13.4 13.0 15.2 

No. 100 (150 µm) 8.2 8.2 10.6 10.2 9.2 10.5 

No. 200 (75 µm) 5.9 6.4 8.4 8.2 7.1 7.9 

PG = performance grade; S = standard traffic; BMD = Balanced Mix Design; HRAP = high reclaimed asphalt 

pavement content mixture; RAP = reclaimed asphal pavement; WMA = warm mix additives; RA = recycling agent; 

NMAS = nominal maximum aggregate sixe; SG = specific gravity; VTM voids in total mixture; VMA = voids in 

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

extracted and recovered. 

3.4. Durability Assessment 

The Cantabro test is a basic test that was performed to assess the durability of asphalt 

mixtures (Cox et al. 2017) in accordance with AASHTO T 401. Three replicates were tested for 

each mixture, and an average mass loss was reported. The CML for each specimen was calculated 
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as the difference between the initial mass and the mass after testing divided by the initial mass 

(Cox et al. 2017). 

Figure 3-1 and Table 3-3 shows the CML data for all evaluated mixtures. The box plot 

displays the five-number summary of a set of data. The five-number summary is the minimum, 

first quartile, median, third quartile, and maximum. The mean CML ranged from 3.6% to 9.5% 

with a COV ranging from 1.9 to 9.8%. All mixtures except mixtures 30_C and 30_O met the 7.5% 

VDOT BMD mass loss criterion. Overall, all BMD mixtures exhibited lower CML values when 

compared with mixture 30_C. This can be attributed to the relatively higher binder content 

resulting from the application of BMD concept. Moreover, HRAP mixtures (mixtures 45_HR, 

45_HR_RA, 45_HR_L, and 60_HR_L_RA) exhibited a higher variability when compared with 

mixtures 30_C and 30_O. This could be attributed to the variability induced with the use of higher 

RAP contents. Based on the results from the mixtures tested in this study, the CML test was able 

to capture the impact of BMD on the durability performance of asphalt mixtures.   

 

Figure 3-1. Performance Test Data for Cantabro Mass Loss. The box plot displays the five-

number summary of a set of data. The red horizontal lines in the box are the median values. 

CML = Cantabro mass loss. 

Table 3-3. Performance Test Results and Corresponding Statistical Parameters of Evaluated 

Mixtures Collected During Production 
Mixture ID / 

Test Parameters 
30_C 30_O 45_HR 45_HR_RA 45_HR_L 60_HR_L_RA 

Cantabro Mass Loss Test at 25°C - CML 

Average, % 9.5 8.3 3.6 6.8 6.6 5.5 

Stdv, % 0.2 0.2 0.3 0.7 0.7 0.4 

COV, % 2.4 1.9 8.6 9.7 9.8 6.5 

IDT-CT at 25°C ï CT index 

Average  54 46 513 90 82 84 

Stdv 8.0 8.3 38.5 14.7 11.0 12.4 

COV, % 14.8 18.1 7.5 16.3 13.4 14.7 

APA at 64°C and after 8,000 loading cycles ï Rut Depth 
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Average, mm  4.0 4.6 6.4 5.7 4.2 5.9  

Stdv, mm 0.6 1.1 0.5 1.4 1.0 1.3 

COV, % 13.9 24.6 7.9 24.7 24.5 22.7 

Stdv = standard deviation; COV = coefficient of variation; IDT-CT = indirect tensile cracking test; CT = cracking 

tolerance; and APA = asphalt pavement analyzer.  

3.5. Cracking Performance Assessment 

Three performance tests were considered to assess the resistance of mixtures to cracking.  

These tests belong to two levels of testing: basic (IDT-CT) and advanced (dynamic modulus |E*| 

test and the direct tension CF) (Meroni et al. 2021).  

3.5.1. IDT Cracking Test and Results 

IDT-CT is a basic test commonly used by state agencies and was incorporated into the 

BMD approach for VDOT to evaluate mixture resistance to cracking. The test was conducted at 

25°C accordance with ASTM D8225. The CT index was then calculated from the test load-

displacement curve / data using Equation 3-1. Five specimens were tested for each mixture and an 

average CT index was reported.  

ὅὝ ὭὲὨὩὼ
ȿ ȿ

ẗ ẗ         Equation 3-1   

ά ȿ ȿ           Equation 3-2 

Where Gf = total area under the load-displacement curve divided by the product of the 

specimen thickness [t] and diameter [D] in kN/mm, m75 = slope of interest expressed in Equation 

3-2, p85= 85% of the peak load (Pmax) at the post-peak stage in kN, p75= 75% of Pmax at the 

post-peak stage in kN, p65= 65% of Pmax at the post-peak stage in kN, l85 = displacement 

corresponding to p85 in mm, l75 = displacement corresponding to p75 in mm, l65 = displacement 

corresponding to p65 in mm, D = specimen diameter in mm, and t = specimen thickness in mm. 

Figure 3-2a shows the CT index values for the six evaluated mixtures. Higher CT index 

values generally indicate a better cracking resistance of the evaluated mixtures and, hence, less 

cracking potential in the field. Mixture 45_HR exhibited a significantly higher CT index average 

(513) when compared with the other mixtures. This could be attributed to the significantly higher 

flexibility induced with the high binder content used in the design and production of mixture 

45_HR. Consequently, the specimens of mixture 45_HR fabricated for IDT-CT testing exhibited 

a wet nature. For a clearer comparison, Figure 3-2b shows the CT index values of the mixtures 

after excluding mixture 45_HR. The mean CT index ranged from 46 to 90, with a COV ranging 

from 7.5% to 18.1%. In fact, all evaluated mixtures exhibited COV values lower than the 

maximum allowable single operator COV of 18.3%, indicating an acceptable repeatability of the 

measured data (Habbouche et al. 2021b, Habbouche et al. 2022a). Mixtures 30_C and 30_O 

exhibited statistically similar CT index data indicating a possible similar cracking performance 
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regardless of the mix design methodology (i.e., Superpave vs. BMD). Mixtures 45_HR_RA, 

45_HR_L, and 60_HR_L_RA exhibited higher CT index values when compared with mixtures 

30_C and 30_O. This indicated that HRAP mixtures containing softer binders and/or an RA can 

provide performance that is equal to or better than the performance of their counterpart mixtures 

with 30% RAP. Moreover, upon comparing the CT index values of specimens fabricated during 

the design phase (Table 3-1) and the reheated specimens fabricated during the production phase 

(Table 3-3), it was evident that the reheating process possesses the potential to decrease the CT 

index, with the exception of mixture 45_HR. This reduction can be attributed to the aging effect 

introduced by the reheating process. Nevertheless, a more detailed discussion regarding the impact 

of the reheating effect, as well as the variability in volumetric properties from design to production, 

is reserved for future work. 

 

Figure 3-2. Performance Test Data for IDT-CT Index: (a) Including Mixture 45_HR and (b) 

Excluding Mixture 45_HR. The box plot displays the five-number summary of a set of data. The 

red horizontal lines in the box are the median values.  CT = cracking tolerance.   

3.5.2. Dynamic Modulus |E*| Test and Results 

Dynamic modulus tests were performed using an AMPT machine in accordance with 

AASHTO T 378.  Three test temperatures (4.4, 21.1, and 37.8°C) and six test frequencies ranging 

from 0.1 to 25 Hz were used.  All tests were conducted in the uniaxial mode without confinement. 

Three replicate specimens were tested for each mixture, and results at each temperature-frequency 

combination were reported.    

The dynamic modulus (|E*|) and phase angle (ŭ) of the six mixtures are presented in Figure 

3-3a and Figure 3-3b, respectively. The data in these figures were constructed at a reference 

temperature of 21.1ÁC using the 2S2P1D model (for both |E*| and ŭ data). The general model, 

known as 2S2P1D, was initially introduced in 2003 (Olard and Benedetto 2003). After a 

comprehensive comparison with various existing methods for fitting the measured dynamic 
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modulus, it was observed that the 2S2P1D model, when combined with a second-order polynomial 

shift factor function, proved capable of accurately predicting the measured data at low temperature 

(Keshavarzi 2019). A higher |E*| value at higher temperatures (and lower frequencies) is often 

attributed to a potential higher rutting resistance of asphalt mixtures. The data in Figure 3-3a shows 

that mixture 45_HR had significantly lower |E*| values when compared with the remaining 

mixtures regardless of the frequency of interest. This is attributed to the high binder content and 

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

mixture. All remaining mixtures had similar |E*| values at intermediate frequencies. Among the 

evaluated mixtures, except for mixture 45_HR, mixture 60_HR_L_RA exhibited the lowest 

stiffness at lower frequencies, which can be attributed to the incorporation of a softer binder and 

RA. Figure 3-3b shows significantly higher ŭ values for mixture 45_HR at relatively higher 

reduced frequencies indicating a potential higher cracking resistance among the six mixtures. For 

the remaining mixtures, visual inspection of Figure 3-3b shows that mixture 60_HR_L_RA and 

mixture 30_O have the highest and lowest ŭ values at relatively lower frequencies, respectively. 

A higher |E*| value and lower ŭ at lower temperatures (and higher frequencies) are often associated 

with the potential for higher cracking susceptibility (Diefenderfer et al. 2021). 

 

Figure 3-3. Dynamic Modulus Test Results: (a) |E*| Master Curves in Log-log Scale and (b) ŭ 

Master Curves in Semi-log Scale. |E*| = dynamic modulus; ŭ = phase angle. 

Another performance indicator parameter that can be calculated from the |E*| and ŭ master 

curves is the mixture G-Rm parameter, which is an adapted form of the binder Glover-Rowe (G-

R) parameter (Mensching et al. 2017, Ogbo et al. 2019, Zhang et al. 2020). The G-Rm parameter 

is simply the same as the binder G-R parameter, but it uses mixture dynamic modulus (|E*|) and 

phase angle (ŭ) in lieu of the binder complex shear modulus and phase angle as expressed in 

Equation 3-3. This parameter, calculated at 20°C and 5 Hz, has been used to evaluate the resistance 



41 

 

of mixtures to cracking and their susceptibility to aging, especially with changes in recycled 

content (e.g., RAP) and RA type and dosage (Martin et al. 2020). In a draft AASHTO specification 

proposed in NCHRP Project 09-58, this parameter was recommended as a mixture performance 

evaluation parameter at intermediate temperatures to minimize the cracking potential of asphalt 

mixtures (Martin et al. 2020). A maximum G-Rm parameter value of 8,000 MPa was 

recommended for laboratory-made mixtures subjected to short-term oven-aging for 2 hours at the 

specified compaction temperature. A maximum G-Rm parameter value of 19,000 MPa was 

recommended for long-term oven-aged laboratory-made mixtures in accordance with either 

AASHTO R 30 or the proposed standard method for long-term conditioning of hot mix asphalt for 

performance testing in NCHRP Project 09-54 (Kim et al. 2018). 

Ὃ Ὑά
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                                                              Equation 3-3  

Figure 3-4 shows the G-Rm parameter calculated for the mixtures used in this study.  The 

G-Rm parameter values for all mixtures except mixture 45_HR are more comparable to the 

recommended threshold value (19,000 MPa) for long-term oven-aged laboratory-made mixtures 

than that for short-term oven-aged laboratory-produced mixtures (8,000 MPa).  Since these 

mixtures were plant-produced and subjected to reheating, a process known to result in higher 

stiffness, neither threshold is directly applicable to the mixtures as no recommendations have been 

made for plant-produced mixtures.  A relative comparison among the mixtures indicated that 

mixtures 45_HR_L and 45_HR ranked as the most and least crack-susceptible mixtures, 

respectively. Nevertheless, through the application of one-sample t-test, it was determined that 

there was no statistically significant difference in the G-RM value between the control mixture 

(30_C) and BMD mixtures (p-value of 0.4379). Similarly, no significant difference in the G-Rm 

value was observed between 30% RAP mixtures (30_C and 30_O) and HRAP mixtures (p-value 

of 0.7116). 
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Figure 3-4. Glover-Rowe (G-Rm) Parameter at 20°C and 5 Hz 

3.5.3. Direct Tension Fatigue Test and Results 

Direct tension cyclic fatigue tests were performed using the AMPT machine in accordance 

with AASHTO TP 107. The S-VECD model was used to assess the fatigue characteristics of the 

six mixtures. The cyclic fatigue test was performed at 24°C. The S-VECD model developed by 

Underwood et al. was used to predict the cumulative damage for different loading histories under 

different temperatures as it incorporates time-temperature superposition principle and the pseudo 

strain energy concept (Underwood et al. 2010). The pseudo strain energy is dependent on both 

pseudo strain and pseudo stiffness; the pseudo strain was determined using Equation 3-4. 

‐ Ὁὸײ᷿ † Ä†       Equation 3-4 

Where ‐ = pseudo strain; t = time; † = reduced time; E(t) = relaxation modulus; ‐ = strain; 

and Ὁ  = the reference modulus.  

Based on assumptions from S-VECD theory, in the quasi-static cyclic status, the simplified 

‐  is shown in Equation 3-5. The pseudo stiffness (C), presented in Equation 3-6, gradually 

decreases from 1 to nearly 0 and indicates the material condition from its intact state to failure. 

With the pseudo energy concept, the relationship between C and S, known as damage characteristic 

curve (C-S curve), can be determined using in Equation 3-7.  

‐ ȿὉȿzẗ‐           Equation 3-5 

ὅ                       Equation 3-6 
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ὅ ρ ὅ Ὓ           Equation 3-7 

Where ὅ  and ὅ  are the model coefficients. 

Figure 3-5 shows the damage characteristic curves for the six mixtures. The damage 

characteristic curve is strain independent for a given mixture and its position captures the mixtureôs 

stiffness. Similar observations to the dynamic modulus |E*| can be derived with a visual 

observation of the damage characteristic curves. Mixtures 45_HR and 45_HR_L showed the 

lowest and highest damage curves indicating a relatively softer and stiffer behaviors, respectively; 

meanwhile the remaining mixtures exhibited similar curves. From the perspective of stiffness 

alone, a material that is stiffer is expected to generate a lower strain under the same load conditions. 

Assuming other properties such as toughness are equal, a smaller strain in the stiffer material will 

ultimately lead to a longer fatigue life (Wang et al. 2020). 

However, relying solely on stiffness evaluation may often lack persuasiveness when 

considering the fatigue life of materials. Consequently, the inclusion of material toughness as a 

complementary factor becomes necessary. The toughness is the ability of a material to absorb 

energy without fracturing. I.e, a tougher material is expected to exhibit a longer fatigue life under 

the same applied load. The Ὀ  failure criterion, determined using Equation 3-8 can be applied to 

the S-VECD model. Ὀ  can serve as an indicator of toughness for the evaluated material, as 

demonstrated in Figure 3-5b, where a higher value signifies greater resistance of the material to 

damage (Wang et al. 2020). 

Ὀ
᷿ ײ  

                                                                     Equation 3-8 

To define the mixturesô fatigue performance, a fatigue cracking index parameter (Ὓ ), 

considered both the materialôs modulus and toughness, is used.  The calculation of Ὓ  can be 

found in Equation 3-9 (Wang et al. 2020) and conducted with FlexMATÊ for Cracking, an Excel-

based tool provided by the FHWA (FHWA-HIF-19-091). Figure 3-6 shows the Ὓ  values for the 

six mixtures. Ὓ  was calculated at the average temperature of the high and low PG of the 

conventional asphalt binder typically used in the area (21°C for PG 64S-22). The six mixtures fell 

into the same category when compared to the recommended Ὓ  threshold values and the 

associated traffic level and ranges (i.e., Standard traffic). All mixtures displayed Ὓ  values 

ranging from 11.9 for mixture 45_HR to 19.8 for mixture 45_HR_L. Furthermore, upon closer 

examination, it becomes apparent that Ὓ  accounts for considerations from both the stiffness and 

toughness perspectives. Notably, mixture 30_C exhibited higher stiffness than 30_O; however, 

due to its lower toughness compared to 30_O, its overall fatigue resistance was lower than that of 
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30_O. Similarly, although 30_O demonstrated the highest toughness, its stiffness fell short of that 

exhibited by 45_HR_L, resulting in slightly lower cracking resistance in the Ὓ  assessment in 

comparison. Additionally, mixture 60_HR_L_RA showcased the lowest toughness, nonetheless, 

owing to its higher stiffness relative to 45_HR, it attained a greater Ὓ  value than 45_HR. In this 

context, it is noteworthy that the evaluation of Ὓ  has diverged from the assessment based on the 

CT index. Specifically, the HRAP mixtures did not exhibit a significant increase in fatigue 

resistance compared to the control mixture. Further details regarding this observation will be 

discussed in subsequent correlation analyses. 

Ὓ ρπππ
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                                                               Equation 3-9 

Where ‌ = damage growth rate, and ὥ  = time-temperature shift factor value at the target 

temperature. 

 

Figure 3-5. Performance Test Data for Direct Tension Cyclic Fatigue: (a) Damage Characteristic 

Curves and (b) DR Parameter.  
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Figure 3-6. Ὓ  Values. ESAL = equivalent single axle load; Ὓ  = cyclic fatigue index 

parameter. 

3.6. Rutting Performance Assessment 

Two performance tests were considered to assess the rutting resistance of the six mixtures. 

These tests belong to two levels of testing: intermediate (APA rut test) and advanced (SSR test). 

3.6.1. APA Rut Test and Results 

The APA rut test was performed on specimens prepared from loose mixture collected 

during production in accordance with AASHTO T 340. This test simulates rutting in the laboratory 

by applying a loaded wheel back and forth over a pressurized rubber tube located along the surface 

of the test specimen at a temperature of 64°C which is equal to the high PG temperature of the 

employed asphalt binder. After 8,000 cycles were applied, the deformation of the specimen was 

measured. For each mixture, two replicates were tested, and an average was reported. Figure 3-7 

presents the APA rut depth data at 64°C after 8000 loading cycles for the six mixtures. A higher 

APA rut depth value is an indication of an increased susceptibility to rutting damage. Mixture 

45_HR exhibited the highest APA rut depths followed by Mixtures 60_HR_L_RA and 

45_HR_RA, then followed by Mixtures 30_O, 45_HR_L, and 30_C. All evaluated mixtures 

exhibited an APA rut depth lower than VDOT BMD threshold of 8.0 mm. The APA rut test seemed 

to be insensitive to the RAP content and the use of softer binder and RA for the evaluated mixtures. 
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Figure 3-7. Performance Test Data for APA Rut Depth at 64°C and 8,000 Loading Cycles.  APA 

= asphalt pavement analyzer.  

3.6.2. Stress Sweep Rutting Test and Results 

SSR test was performed in accordance with AASHTO TP 134 to assess the resistance of 

mixtures to rutting under repetitive loading, simulating the conditions experienced by pavements 

under repeated traffic loads. SSR testing was originally motivated by NCHRP Project 09-19, which 

showed that mixtures are sensitive to load level, loading history, and temperature under deviatoric 

axial loads. Four specimens were subjected to a confined cyclic compression testing at two 

different temperatures (Ὕ and Ὕ). In both cases, the specimens were subjected to three 200-cycle 

loading blocks of three deviatoric stress levels, and constant confining pressure of 69 kPa. In the 

testing, the permanent deformation of specimens is measured with its deviatoric stress, loading 

history, and temperature. Once a shift model is established, the permanent deformation of asphalt 

layers as a function of pavement depth and time can then be predicted by the pavement 

performance prediction program, FlexPAVEÊ (Ghanbari et al. 2020). 

The RSI recommended by FHWA, with the support of the shift model built by SSR, can 

be used as a rutting indicator (Ghanbari et al. 2020). The RSI is an average permanent strain in 

percentage calculated by repeating 30 million 18-kip equivalent single-axle load (ESAL) over 20 

years on a standard pavement structure (Ghanbari et al. 2020). A lower RSI value is an indicator 

of a greater resistance to rutting for a given mixture. Figure 3-8 shows the RSI values for the six 

mixtures alongside the recommended threshold values as function of traffic. Mixture 30_O had 

the lowest RSI (1.85%) and fell in the very heavy traffic category. Mixtures 30_C, 45_HR_RA, 

and 45_HR_L all fell in the heavy traffic category with RSI values of 2.33%, 3.28%, and 2.72%, 
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respectively. Mixtures 45_HR and 60_HR_L_RA showed the highest RSI values (6.39% and 

5.77%, respectively) and fell into the standard traffic category. 

 

 

Figure 3-8. Performance Test Data for Stress Sweep Rutting Test. RSI = rutting strain index. 

3.7. Correlations and Statistical Analyses 

Various performance tests were conducted on the six mixtures and corresponding test 

results were presented and discussed in the previous sections. The tests considered and presented 

in this section were evaluated in terms of performance ranking and correlations among the indices. 

Finally, 3-D, ternary plots, and a novel CPI showcasing combinations of three primary 

performance indices.  

3.7.1. Performance Ranking 

The indices were compared in terms of their potential to rank the performance of the 

mixtures towards various distresses (i.e., durability, cracking, and rutting). This was done by 

sorting the average mean value of each index from the highest to the lowest for CT index and Ὓ  

parameter and from lowest to highest for CML, G-Rm, APA rut depth, and RSI.  Table 3-4 shows 

the order ranking of the mixtures from the best (A) to the least (F) performing for each index. The 

selection of an optimal or suboptimal mixture from a ranking table established based on various 

material performance remained highly challenging which could be attributed to mechanics, 

comprehensiveness, and the level of complexity behind each selected performance test. As 

observed in Table 3-4, CML, G-Rm and CT index indicate that mixture 45_HR had the highest 

durability and resistance to cracking; meanwhile Ὓ  showed that this mixture was the most 

susceptible to cracking. This could be attributed to a disagreement between the basic performance 

tests and the advanced performance tests, especially when these mixtures did not meet VDOT 
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mixture volumetric and gradation requirements (BMD Approach D was adopted for designing 

these mixtures). Ὓ  ranked mixture 45_HR_L as the most resistant to cracking. APA rut depth 

and RSI ranked Mixture 45_HR as the most susceptible to rutting which again could be attributed 

to the relatively higher OBC used to design and produce this mixture. Finally, APA and RSI ranked 

Mixtures 30_C and 30_O as the most resistant to rutting, respectively.   

Overall, relying on a singular ranking to design a BMD mixture in general and a HRAP 

mixture in particular that satisfied all performance requirements was not feasible. Consequently, 

it was imperative to investigate the correlations and discrepancies between different test results to 

improve the exploration and prediction of HRAP mixture performance. 

Table 3-4. Ranking of Mixtures based on Various Evaluated Performance Indices 
Parameters / 

Mixture  
30_C 30_O 45_HR 45_HR_RA 45_HR_L 60_HR_L_RA 

CML  F E A D C B 

CT index E F A B D C 

╢╪▬▬ C B F D A E 

G-Rm D C A E F B 

APA A C F D B E 

RSI B A F D C E 

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss; 

G-Rm = Glover-Row parameter of the mixture; Ὓ  = cyclic fatigue index parameter. 

3.7.2. Correlation 

The Pearson correlation coefficient, expressed in Equation 3-10, was used to study the 

strength and direction of linear relationship between two variables (Cohen 1969).  

Ἲ
ἶВὁ Вὀ Вὁ

ἶВ Вὀ ἶВὁ Вὁ
        Equation 3-10  

Where r is the Pearson correlation ranging from -1 (perfect negative linear correlation) to 

1 (perfect positive linear correlation), with 0 indicating no correlation; x and y are two variables 

of interest.  

A correlation matrix built among different tests is shown in Table 3-5. As the r value 

changed from -1 to 1, the filled color changed from dark blue to dark red. As expected, it was 

observed that a strong positive linear correlation existed between RSI and APA (0.863). Thus, 

indicating that both test methods (intermediate vs. advanced) would lead to similar rutting 

performance assessment. However, this was not the case for cracking, as the various indices 

resulted in different and random trends. A strong negative linear correlation was observed between 

Ὓ  and CT index (-0.813) indicating that for a given mixture, if the CT index increased, the 

corresponding Ὓ  parameter would decrease. The discrepancies between the Ὓ  and CT 

indices in this study were also noted in a Maine DOT study that assessed asphalt mixture cracking 

(Veeraragavan et al. 2021). This could be attributed to the fact that the IDT-CT (indirect tensile 

cracking test) is primarily influenced by the stiffness of the evaluated asphalt mixture, while the 
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direct tension cyclic fatigue test is more of a strain-controlled test. However, cracking itself is a 

complex phenomenon, with various types such as bottom-up, top-down, longitudinal, and thermal 

cracking occurring based on underlying failure mechanisms (Underwood and Braham 2019). 

These tests (IDT-CT vs. direct tension fatigue test) may simulate different types and/or 

combinations of cracking, making it challenging to comprehensively assess the fatigue 

performance of asphalt pavement, especially when dealing with BMD mixtures that deviate from 

traditional volumetric requirements. Moreover, the inclusion of higher RAP contents and the use 

of various additives, such as recycling agents, further complicate the evaluation of BMD mixtures 

(Rocha et al. 2023). Strong negative linear relationships existed between Ὓ  and RSI (-0.906) 

and Ὓ  and APA (-0.907). A lower RSI and/or APA value indicates stronger resistance to rutting, 

while a higher value for Ὓ  indicates higher resistance to cracking. This suggests that the 

application of BMD provided the possibility of designing a mixture that exhibited simultaneous 

improvement in both fatigue cracking and rutting performance. CT index showed moderate 

positive correlations with RSI (0.732) and APA (0.683). It should be mentioned that the high CT 

index for mixture 45_HR was observed to be outside the range of typical values observed for 

VDOT BMD mixtures and may have substantially impacted the resulting correlations. Therefore, 

a similar analysis was performed after excluding the IDT-CT results for mixture 45_HR and is 

presented in Table 3-6. It can be noted that the negative correlation between Ὓ  and CT index 

gets weaker (with r dropping from -0.813 to -0.521). A similar trend but slightly weaker correlation 

could be observed between CT index and RSI and between CT index and APA.  In this context, it 

is evident that the considerable higher CT index of mixture 45_HR had an influence on the 

correlation between Ὓ  and the CT index, thereby highlighting Ὓ  as a comprehensive 

indicator for assessing fatigue cracking performance. Hence, in the subsequent discourse, it is 

prudent to distinguish between the fatigue cracking performance, as indicated by Ὓ , and the 

stiffness-driven cracking, as indicated by the CT index. Furthermore, from a stiffness perspective, 

pronouncedly, the correlation between CT index and G-Rm changed from a significant strong 

relationship to a minor positive relationship, reflecting that a simple linear relationship cannot 

describe the correlation between different cracking indices. 

For the comparison of various indices with CML (durability), it was found that both rutting 

indices (RSI and APA) showed strong negative correlations with CML (-0.896 and -0.853, 

respectively). These results indicated that rutting resistance was negatively associated with 

durability. Additionally, a strong negative correlation was observed between CT index and CML 

(-0.824), suggesting that mixture could be designed to possess higher cracking resistance and 

durability. However, a contrary trend was also observed between cracking resistance and 

durability, as reflected by the correlation between Ὓ  and CML (0.779). 

Table 3-5. Correlation Matrix for All Evaluated Performance Indices 



50 

 

 
RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss; 

G-Rm = Glover-Row parameter of the mixture; Ὓ  = cyclic fatigue index parameter. As the r value changed from -

1 to 1, the filled color changed from dark blue to dark red. 

Table 3-6. Correlation Matrix for All Evaluated Performance Indices Excluding CT index for 

Mixture 45_HR 

 
RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss; 

G-Rm = Glover-Row parameter of the mixture; Ὓ  = cyclic fatigue index parameter. As the r value changed from -

1 to 1, the filled color changed from dark blue to dark red. 

3.7.3. Three-dimensional (3-D) Plot 

In addition to accounting for the interdependence between the performance indices, this 

study employed 3-D plots as a visual tool to demonstrate the effort of BMD optimization in HRAP 

mixture. By investigating and presenting the combinations of three performance indices, namely 

durability, rutting, and cracking, within a single plot and through one single index ñCPIò, the study 

offered a comprehensive evaluation that enabled designers and agencies to assess both the singular 

performance and integrated performance of mixtures. To enhance the comparability of indices in 

the 3-D plot, a common normalization method was utilized for the index of interest for a given 

mixture. The method involved expressing the index as a percentage of the maximum value 

achieved by that index across different mixtures. For instance, Table 3-3 and Table 3-7 present the 

average testing values of mixtures, with the maximum CML value attained in Mixture 30_C. In 

this case, the maximum value was set as 1 (100%), and the mean values of other mixtures were 

converted into their respective percentage values. As a result, the normalized values obtained for 

mixtures 30_C, 30_O, 45_HR, 45_HR_RA, 45_HR_L, and 60_HR_L were 100%, 86.7%, 38.0%, 

71.3%, 69.7%, and 57.4%, respectively.  

It is important to note that the CML, RSI, and APA can be regarded somehow as reverse 

indices, whereby larger values correspond to poorer performance. Thus, the CML, RSI, and APA 

values were converted into (100%-CML), (100%-RSI), and (100%-APA), respectively, to better 

depict their positive relative performance relationship in the 3-D plot. The normalization for the 

3-D plot of advanced performance tests can be found in Table 3-7. Consequently, the longer the 

distance from the origin in the 3-D plot is, the better the CPI is considered (Equation 3-11). The 

CML CT index Sapp G-Rm APA RSI

CML -0.785 0.779 0.664 -0.853 -0.896

CT index -0.785 -0.813 -0.905 0.683 0.732

Sapp 0.779 -0.813 0.810 -0.907 -0.906

G-Rm 0.664 -0.905 0.810 -0.673 -0.720

APA -0.853 0.683 -0.907 -0.673 0.863

RSI -0.896 0.732 -0.906 -0.720 0.863

CML CT index Sapp G-Rm APA RSI

CML -0.824 0.779 0.664 -0.853 -0.896

CT index -0.824 -0.521 0.482 0.633 0.647

Sapp 0.779 -0.521 0.810 -0.907 -0.906

G-Rm 0.664 0.482 0.810 -0.673 -0.720

APA -0.853 0.633 -0.907 -0.673 0.863

RSI -0.896 0.647 -0.906 -0.720 0.863
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prototype of CPI here presumes that the three primary indices contribute equally to the overall 

composite performance, which implies that the variables A, B, and C in Equation 3-11 were all 

assigned a value of 1. However, taking into account the varying degrees of concern that local 

designers and agencies may have for three primary distresses, the values of A, B, and C can be 

adjusted. This flexibility allows for the BMD mixtures to satisfy local requirements. 

ὅὖὍ ὃὼ ὄώ ὅᾀ        Equation 3-11 

Where CPI is the composite performance index; x, y, x are rutting resistance indicator, 

cracking resistance indicator, and durability, respectively; A, B, C are adjustable weight factor.  

 

The 3D plots are shown in Figure 3-9a, Figure 3-10a and Figure 3-11a, where the size of 

each point signifies the distance from the origin for a better visualization. The larger size of points 

implies that they possess a superior CPI for the mixture. Additionally, the color of each point was 

determined based on the CPI (Equation 3-11), indicated by the distance from origin, wherein the 

colormap depicted that the color of points changed from the bottom color to the top color as the 

exhibited CPI for different mixtures increased. Along the positive x (Ὓ , %), y (1-RSI, %), and 

z (1-CML, %) axes, the cracking resistance, rutting resistance, and durability of the mixture are 

expected to exhibit an upward trend. Upon comparative analysis, it was observed that each ranking 

utilizing the x, y, and z axes corresponded with the conclusions derived from the ranking table 

(refer to Table 3-4), thereby ensuring consistency.  

 

Figure 3-9. (a) 3-D Plots of Performance Indices: CML vs.  RSI vs. Ὓ ; (b) Ternary Plots of 

Performance Indices: CML vs.  RSI vs. Ὓ . 3-D = three dimensional; CML = Cantabro mass 

loss; Ὓ  = cyclic fatigue index parameter; and RSI = rutting strain index. 
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Figure 3-10. (a) 3-D Plots of Performance Indices CML vs.  APA vs. CT index; (b) Ternary Plots 

of Performance Indices: CML vs.  APA vs. CT index. 3-D = three dimensional; CML = Cantabro 

mass loss; APA = asphalt pavement analyzer; CT = cracking tolerance. 

 
Figure 3-11. (a) 3-D Plots of Performance Indices: CML vs.  APA vs. CT index Excluding 

Mixture 45_HR; (b) Ternary Plots of Performance Indices: CML vs.  APA vs. CT index 

Excluding Mixture 45_HR. 3-D = three dimensional; CML = Cantabro mass loss; APA = asphalt 

pavement analyzer; CT = cracking tolerance. 

The three images presented in Figure 3-9a, Figure 3-10a, and Figure 3-11a unequivocally 

demonstrate that HRAP mixtures exhibited superior durability, reflected by lower CML values 

(larger z-axis values), when compared to the 30% RAP mixture. By examining Figure 3-9a, it can 
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be observed that although mixture 45_HR had the lowest Ὓ  and the highest RSI, the 

performance of mixture 45_HR_RA, mixture 45_HR_L, and mixture 60_HR_L_RA could 

confirm that the use of a softer binder, an RA, or a combination of both alternatives positively 

affected both fatigue cracking and rutting performance of HRAP mixtures. Upon comparing 

mixture 30_O with the control mixture 30_C, it became evident that BMD application has resulted 

in enhanced resistance to the three primary distresses. Further analysis of mixture 45_HR_L 

(compared with mixture 30_C and mixture 30_O) revealed that, contrary to expectations due to 

the introduction of HRAP, there was no significant increase in rutting resistance. Instead, an 

enhancement in fatigue cracking resistance and durability, along with a sacrifice in rutting 

performance, was observed as a result of BMD optimization. The CPI of these three mixtures 

demonstrated remarkable similarity, with mixture 30_O demonstrating the best composite 

performance. However, considering the RSI of mixture 45_HR_L, indicating its favorable 

performance under heavy traffic (Figure 3-8), and the CML less than 7.5% VDOT BMD mass loss 

criterion (Figure 3-1), it was deemed that mixture 45_HR_L outperformed all other mixtures and 

held potential for further BMD optimization to enhance fatigue cracking resistance. Nevertheless, 

other HRAP mixtures, including mixture 45_HR, mixture 45_HR_RA, and mixture 

60_HR_L_RA, did not surpass the control mixture in performance, except for improvements in 

durability. Thereby, among the 45% BMD mixtures, the beneficial impact of utilizing a softer 

binder on CPI was notably superior to that of incorporating RAs or extra higher binder content. 

Figure 3-10a reveals a notable shift in the observed scenario from advanced level tests 

(Figure 3-9a), where mixture 45_HR achieved a superior composite performance by leveraging its 

significantly higher CT index compared to other mixtures. In terms of stiffness-driven cracking 

resistance, all HRAP mixtures demonstrated higher CT indices than the 30% RAP mixtures, yet 

they also exhibited lower rutting resistance than the control mixture (30_C). Notably, mixture 

45_HR_L demonstrated rutting resistance comparable to mixture 30_C and mixture 30_O, while 

exhibiting superior cracking resistance, durability, and CPI. Based on these findings, it was 

reasonable to conclude that the 3-D plots, employed in both advanced level tests (CML vs. RSI vs. 

Ὓ ) and basic/intermediate level tests (CML vs. APA vs. CT), consistently demonstrated the 

superiority of HRAP BMD surface mixtures over the control mixture. This was exemplified by 

the outperformance of mixture 45_HR_L compared to the control mixture 30_C. Moreover, the 3-

D plot of the basic/intermediate level tests further emphasized that all HRAP BMD surface 

mixtures possessed the capability to outperform the control mixture 30_C. This could be attributed 

to the adherence of all HRAP BMD surface mixtures to the APA rut depth requirements (Figure 

3-7), ensuring the retention of sufficient rutting resistance reserved. Despite the lower rutting 

resistance displayed by all HRAP BMD surface mixtures in the 3-D plot in comparison to mixture 

30_C, their advantages in terms of cracking resistance (indicated by the CT index) and durability 

and sufficient rutting resistance suggested that HRAP BMD surface mixtures surpassed the control 

mixture 30_C in overall performance.  
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The extremely high CT index of mixture 45_HR had an influence on the comparison of 

relative cracking resistance between HRAP and 30% RAP mixtures, which is addressed in Figure 

3-11a. In this figure, a distinct "gap" is observed between HRAP mixtures and the control mixture, 

or rather, HRAP mixtures and 30% RAP mixtures. This gap is characterized by a significant 

increase in cracking resistance (indicated by the CT index) and durability in all HRAP mixtures. 

These findings provide strong evidence for the beneficial effects of utilizing a softer binder, RA, 

or a combination of both alternatives on the cracking and durability performance of HRAP 

mixtures. Furthermore, these results align with the insights revealed by the 3-D plot in the 

advanced tests. 

In summary, although there were disparities in the evaluation of cracking resistance 

between Sapp and the CT index, the 3-D plots obtained from both advanced and basic/intermediate 

tests produced two key findings. Firstly, HRAP BMD surface mixtures can achieve superior CPI 

compared to the traditionally designed control mixture, albeit achieving this in the advanced tests 

proved to be more challenging than in the basic/intermediate tests. Secondly, the application of a 

softer binder, RA, or a combination of both alternatives demonstrated beneficial effects on the 

overall performance of HRAP BMD mixtures. More importantly, the 3D plot provided a superior 

visualization for comparing the complex array of performance indices. By departing from 

conventional methods that involve pairwise comparisons of performance indices, the 

implementation of a 3D plot associated with CPI significantly alleviates the burdensome nature of 

traditional comparison methods, as well as minimizes the risk of overlooking crucial factors that 

may result in errors or imbalances in decision-making. Consequently, designers are endowed with 

a more efficient and comprehensive reference framework that enables them to effectively balance 

the three primary performance indices from multiple perspectives. 

3.7.4. Ternary Plots 

The utilization of a 3-D plot offered one of viable approaches to compare three primary 

performance indices among different AC mixtures within a single visualization. However, it is 

important to acknowledge the inherent limitations of this approach, as it does not fully capture the 

intricate trade-offs or balanced relationships among the three primary performance indices within 

an individual mixture. Hence, an auxiliary methodology is required to offer additional guidance 

and different perspective for designers. The ternary plot can be utilized as a complementary tool 

to the 3-D plot, enabling the display of each performance metric's weight in the composite 

performance of a mix, thereby assisting the BMD. In this case, an additional normalization process 

was applied that transforms each calculated percentage value for the 3-D plot into a percentage of 

the sum of the percentages resulting from different indices for each AC mixture, which allowed 

for the comparison of the contribution of each index to the composite performance of the evaluated 

mixture. For instance, considering mixture 30_C, after the first normalization in the 3-D plot, the 

values for Ὓ , (1-RSI), and (1-CML) were 90.15%, 63.54%, and 0%, respectively. Subsequently, 

by adding them up and converting each index to a percentage of the total sum (153.69), the 
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normalized values were determined to be 58.7%, 41.3%, and 0%, respectively. Table 3-7 illustrates 

more details. The normalized values were then plotted in the equilateral triangular coordinate 

system.  

Table 3-7. Normalize Advanced Performance Tests (CML vs. RSI vs. Ὓ ) for 3-D Plot and 

Ternary Plot 

 
Mix ID  

Raw data 

 

3-D plot normalization 

 

 

SUM 
Ternary plot 

normalization 

╢╪▬▬ RSI CML  ╢╪▬▬ 1-RSI 1-CML  ╢╪▬▬ 1-RSI 1-CML  

30_C 17.9 2.3 9.5 90.15 63.54 0 153.69 58.7 41.3 0.0 

30_O 19.2 1.9 8.3 96.72 71.05 13.31 181.08 53.4 39.2 7.4 

45_HR 11.9 6.4 3.6 60.10 0 62.03 122.13 49.2 0.0 50.8 

45_HR_RA 16.0 3.3 6.8 80.81 48.67 28.72 158.20 51.1 30.8 18.2 

45_HR_L 19.8 2.7 6.6 100 57.43 30.26 187.70 53.3 30.6 16.1 

60_HR_L_RA 15.0 5.8 5.5 75.76 9.70 42.59 128.05 59.2 7.6 33.3 

RSI = rutting strain index; CT = cracking tolerance; APA = asphalt pavement analyzer; CML = Cantabro mass loss; 

G-Rm = Glover-Row parameter of the mixture; Ὓ  = cyclic fatigue index parameter. 

A ternary plot is shown in Figure 3-9b, Figure 3-10b, and Figure 3-11b to assess the 

contribution between durability (1-CML), rutting resistance (1-RSI) or (1-APA), and fatigue 

cracking resistance (Ὓ )  or basic cracking resistance (CT index) within each mixture. In the 

ternary plot, the size and the color of a point correspond to the points determined in the 3-D plot, 

which reflect the CPI. The calculated normalized values were transformed into a coordinate system 

of an equilateral triangle, where each value represented a sub-axis coordinate. Each sub-axis was 

obtained by rotating clockwise 60 degrees in the direction of increasing index values.  

The exploration of ternary plots in conjunction with corresponding 3-D plots allows for a 

comprehensive understanding of the intricate "balance" within mixtures, illustrating the 

complexity of their internal equilibrium that cannot be simplified as a mere trade-off. In Figure 

3-9b, it is observed that mixture 30_C exhibited inadequate durability (as depicted in Figure 3-1), 

whereas mixture 30_O addressed this issue by incorporating BMD to enhance its durability while 

simultaneously contributing to its CPI. Although this contribution diminished the rutting and 

cracking resistance of mixture 30_O relative to its CPI proportionally compared to mixture 30_C, 

the CPI of mixture 30_O was elevated, resulting in higher values for its three primary distress 

indices (or superior singular rankings) compared to mixture 30_C. Additionally, as a formidable 

competitor to mixture 30_O, mixture 45_HR_L endeavored to further improve durability. 

However, it was observed that the CPI of mixture 45_HR_L no longer continued to increase 

relative to mixture 30_O. The increased proportion of durability within its CPI restricted rutting 

performance. However, mixture 45_HR_L obtained higher durability and fatigue cracking 

resistance than mixture 30_O. Further examination of mixture 45_HR_RA, mixture 

60_HR_L_RA, and mixture 45_HR revealed that the continued emphasis on enhancing their own 

durability proportion led to a decline in CPI, consequently sacrificing their cracking resistance and 
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rutting resistance. This effect was particularly pronounced in mixture 60_HR_L_RA and mixture 

45_HR. 

Figure 3-10b represents the ternary plot for basic/intermediate performance tests. 

Similarly, starting from mixture 30_C, mixture 30_O here aimed to improve its durability. 

However, unlike the ternary plot in the advanced tests (Figure 3-9b), the CPI of mixture 30_O was 

directly reduced in the BMD optimization process. Additionally, the contributions of the rutting 

indicator and cracking indicator to the CPI were constrained by the increased proportion of 

durability, resulting in inferior rutting resistance and stiffness-driven cracking resistance compared 

to mixture 30_C. Nonetheless, within the HRAP BMD mixtures, it can be observed that further 

enhancing durability led to an increase in CPI, except for mixture 45_HR_RA. Mixture 

45_HR_RA exhibited higher cracking resistance contributions, resulting in a higher cracking 

resistance compared to mixture 30_C. Simultaneously, it sacrifices the proportion of rutting 

resistance compared to the control mixture 30_C. As customary, Figure 3-11b provides a better 

comparison of the contribution of each performance index for the other five mixes. The 

observation from Figure 3-11b is consistent with that of Figure 3-10b, with the exception of 

mixture 45_HR_RA. Upon further examination, it was notable that mixture 45_HR_RA had the 

highest CPI, despite being the inferior-performing mix initially from Figure 3-10b. This was 

because, after removing mixture 45_HR from the analysis, mixture 45_HR_RA had the highest 

CT index value, yet this did contribute significantly to its cracking resistance in the ternary plot. 

Additionally, it was evident that for HRAP mixtures, compared to 30% RAP mixtures, rutting 

resistance had a relatively minor contribution to their CPI, but durability and cracking resistance 

were particularly important for HRAP mixtures and strengthened the CPI, overshadowing the 30% 

RAP mixture. It further demonstrated the positive effects of using softer binders and RA in HRAP 

mixtures. 

3.8. Summary of Findings, Conclusions, and Ongoing Work 

This research evaluated one control and five BMD optimized SMs through laboratory 

performance tests at various levels of complexity. The mixtures incorporated various combinations 

of RAP contents, two binder PGs, one RA, and one WMA additive.  The tests performed included 

the Cantabro, IDT-CT, |E*|, S-VECD fatigue, APA rutting, and SSR test. The primary focus of 

the assessment was on the durability, rutting resistance, and cracking resistance as envisioned by 

the BMD concept/methodology being applied in Virginia.  

This study investigated the challenge of finding a consistent ranking order based on a single 

performance index for six mixtures evaluated using performance tests at various levels of 

complexity. The results indicated that the ranking order differed across different tests. For instance, 

the APA (intermediate level) and RSI (advanced level) tests did not produce the same ranking 

order for rutting evaluation. Similarly, the CT index (basic level) and Ὓ  (advanced level) tests 

did not yield the same ranking order in cracking evaluation, even resulting in reversed outcomes.  



57 

 

Additional investigations were conducted by comparing the Pearson correlation coefficient 

between two given performance indices. Comparisons revealed that different levels of rutting 

performance tests can produce a relatively consistent results, as reflected by the strong positive 

linear correlation found between RSI and APA. Additionally, this study clarified the disparities 

between Sapp and the CT index, providing explanations for their divergent outcomes. It is 

recommended to separately discuss their evaluations pertaining to cracking. Furthermore, it was 

found that BMD has great potential for the design of HRAP mixtures that exhibit simultaneous 

improvement in both fatigue cracking and rutting performance. Rutting resistance showed a 

negative correlation with durability. Based on Ὓ , fatigue cracking resistance showed a negative 

correlation with durability, while based on CT index and G-Rm, cracking resistance showed a 

positive correlation with durability. 

Furthermore, this study proposed a novel index CPI associated with a 3D-plot to evaluate 

the composite performance of different mixtures and a ternary plot to assist in evaluating the 

contribution of individual major performance results in BMD optimized mixtures. The findings of 

this study indicated disparities between the results of basic/intermediate performance tests and 

advanced performance tests, as corroborated by the correlation analysis. Nonetheless, the overall 

comparisons consistently highlighted that HRAP BMD surface mixtures can exhibit superior 

overall performance as compared to conventionally designed control mixtures. However, 

achieving this enhanced performance in the advanced tests posed greater challenges compared to 

the basic/intermediate tests. Furthermore, the comparisons emphasized the beneficial effects 

arising from the utilization of softer binders, RA, or their combinations in HRAP mixtures. 
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CHAPTER 4 -  Assessment of Production Variability and Composite 

Performance Index for Conventional and High RAP BMD 

Mixtures 4 

4.1. Abstract 

The Balanced Mix Design (BMD) concept enables the design of engineered mixtures 

containing conventional and high reclaimed asphalt pavement (HRAP) contents, moving beyond 

the constraints of traditional volumetric design methodologies. During production, the designed 

mixture undergoes verification and potential modifications at the plant to accommodate actual 

production and field circumstances, irrespective of the mix design method. This study assessed the 

impact of production and associated performance variability on a volumetrically designed control 

mixture and five mixtures designed with BMD concept. This investigation showed relatively 

precise gradation control, but exceedances of volumetric property tolerances were observed in 

BMD-optimized mixtures during production. Performance, including durability, cracking, and 

rutting susceptibility, was evaluated using the Cantabro test, indirect tensile cracking test (IDT-

CT) and Asphalt Pavement Analyzer (APA) test, respectively. Test results uncovered that 

produced mixtures may become unbalanced.  Observations from Cantabro test and IDT-CT 

highlighted the necessity and effectiveness of employing BMD for HRAP mixtures. The potential 

aging effect introduced during the reheating process may compromise durability and cracking 

resistance. In addition, a 3-Dimensional plot with a revised Composite Performance Index (CPIR) 

was used to optimize the process of evaluating the mixture ñbalanceò status among multiple 

primary performances. It revealed almost all produced HRAP mixtures demonstrated a well-

balanced status. Finally, agencies can use the CPIR as part of their acceptance program for BMD 

mixtures to determine a pay factor for possible bonuses or penalties.  

 

Keywords: RAP, BMD, production variability, durability, cracking, rutting 
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4.2. Introduction  

It is widely recognized that contemporary asphalt materials are considerably different from 

their predecessors due to the escalating challenges of supply and the amplified demand for high-

performance materials (Golalipour et al., 2021). The abundant use of additives, extensive 

application of RAP, and the dynamic nature of the modern asphalt supply necessitate a 

fundamental shift in mixture design philosophy. Instead of focusing primarily on volumetric 

properties, the emphasis in design is pivoting toward properties that indicate the performance of 

mixtures (Golalipour et al., 2021). 

The emergence of the BMD methodology is a direct response to this necessary paradigm 

shift in asphalt mixture design. Defined by the former Federal Highway Administration Expert 

Task Group on mixtures and construction, BMD is an ñAsphalt mix design using performance tests 

on appropriately conditioned specimens that address multiple modes of distress taking into 

consideration, mix aging, traffic, climate, and location within the pavement structureò (West et al., 

2018; Yin and West, 2021). In contrast to traditional volumetric design, BMD replaces certain 

aspects with performance testing criteria aimed at assessing mixture susceptibility to common 

distresses such as rutting and cracking. The methodology requires that a mixture design must meet 

specified performance criteria for approval, with additional performance testing possibly required 

during the production phase for mixture acceptance. While BMD mixtures cannot rectify unsound 

underlying pavement structures or inappropriate maintenance treatments, the introduction of BMD 

nonetheless represents a significant stride towards enhancing asphalt mixture performance.  

In the U.S., the recognized environmental and economic benefits of using RAP in asphalt 

mixtures have prompted state agencies to implement special provisions allowing for its increased 

use in asphalt mixtures (Zaumanis et al., 2013; Martin et al., 2020). The strategic incorporation of 

RAP not only aims to offset the constantly inflating costs of asphalt binders and fuel for transport 

and placement but also reduces carbon dioxide emissions (Zaumanis et al., 2013; Martin et al., 

2020; Abu Saq et al., 2023). However, drawbacks to their use exist. High RAP (HRAP) asphalt 

mixtures risk becoming overly stiff due to the increased RAP usage, which in turn makes them 

more brittle and susceptible to cracking (Martin et al., 2020; Sabouri, 2020). Designing HRAP 

mixtures presents challenges, mainly in meeting volumetric mix design criteria. The substantial 

fine aggregate content in RAP, a result of crushing and milling the material, can lead to aggregate 

degradation, complicating the achievement of optimal volumetric properties (Golalipour et al., 

2021; McDaniel, 2012). Moreover, the high RAP content can trigger a range of construction and 

performance issues, including compaction difficulty in cool weather, potential for thermal 

cracking, fatigue, and reflective cracking from repeated loading and daily or seasonal thermal 

stresses, and raveling due to aging or moisture damage (Martin et al., 2020). Therefore, one 

practical application of the BMD concept lies in the strategic design and production of HRAP 

asphalt mixtures. The BMD concept, in conjunction with the use of RAs and/or softer binders, 

offers a solution to the complexities inherent in the design and production of HRAP mixtures, 
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providing an innovative and practical response to the demands of contemporary pavement 

construction. 

Regardless of the mix design method employed, the fundamental purpose is to ascertain an 

optimal combination of aggregates and asphalt binder that provides acceptable mixture 

performance. This derived blend is referred to as the JMF. During the production process, the JMF 

is subjected to verification and potential modifications at the plant level to account for actual 

production and field circumstances (Brown et al., 2009). This becomes particularly challenging 

when using the BMD concept, as it deviates from traditional specification restrictions on 

volumetric properties. Factors such as equipment calibration, personnel training, and the use of 

RAP from various sources could potentially complicate the production process for contractors. 

Furthermore, replicating the large-scale mixture production executed in the plant under laboratory 

design protocols can be an intricate endeavor (Brown et al., 2009). Differences in asphalt mixture 

properties from the original design, which can occur during production, frequently instigate 

premature manifestations of pavement distress or can potentially lead to outright structural failure 

(Hughes, 2005; Mohammad et al., 2016). Consequently, the implementation of QC measures, 

coupled with QA testing, becomes important to ascertain that the produced mixture meets the 

design specifications. These scenarios further highlight the necessity of validating and 

documenting the impact of production and associated variability on the performance of asphalt 

mixtures designed with BMD. 

To identify and assess the sources, causes, and degrees of variability in gradation, 

volumetric, and mechanical properties, the evaluation of various asphalt mixture specimen 

fabrication scenarios is imperative. For instance, NCHRP Project 09-48 (Report 818) examined 

three core scenarios: (1) laboratory-mixed, laboratory-compacted specimens produced during the 

design process; (2) plant-mixed, laboratory-compacted specimens used in volumetric acceptance 

testing of plant-produced mix; and (3) plant-mixed, field-compacted specimens employed during 

density acceptance testing and forensic evaluation of in-place pavement. The goal of these 

assessments was to ascertain the sources of variability and to evaluate the precision and bias related 

to the volumetric and mechanical properties of dense-graded asphalt mixtures (Mohammad et al., 

2016). In addition to these scenarios, other alternatives include non-reheated and reheated plant-

mixed, laboratory-compacted specimens, scenarios found in the Virginia VDOTôs practice for 

contractorsô quality control (Diefenderfer et al., 2023). 

Numerous state highway agencies are actively exploring the design and acceptance of 

asphalt mixtures based on performance using the BMD concept (West et al., 2018; Yin and West, 

2021). Virginia is among these agencies and has been endeavoring to implement BMD for a 

substantial period. In 2007, VDOT instituted specifications allowing up to 30% RAP in several 

specific SMs. By 2013, VDOT was examining the feasibility of SMs containing up to 45% RAP 

(Diefenderfer et al., 2021), leading to field trials of mixtures containing 40-45% RAP contents 

(Nair et al., 2019). In 2017, VDOT began to consider the inclusion of performance requirements 

for mix designs using the BMD concept. In 2018, preliminary efforts offered performance 
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benchmarks for dense-graded unmodified surface mixtures, in support of potential pilot projects 

with HRAP mixtures. Three fast, simple, and practical performance-indicative tests addressing 

varying distress modes were selected for use with the BMD method. These were the Cantabro test, 

the IDT-CT at intermediate temperature, and the APA test, assessing durability, cracking, and 

rutting, respectively. Initial performance thresholds were set (Bowers et al., 2022) and 

subsequently the developed performance-based specifications were validated (Diefenderfer et al., 

2023; Habbouche et al., 2021). 

Two VDOT BMD special provisions, one for conventional SMs and one for HRAP SMs 

were drafted and revised for use in pilot projects (Diefenderfer et al., 2023). In 2019, two field 

trials were conducted in Virginia, marking the first field applications of the BMD specifications. 

These trials entailed the design, production, and application of nine asphalt mixtures which 

incorporated varying combinations of RAP contents, two binder grades, RAs, and two WMA 

additives. Three performance-indicative tests were conducted on laboratory-produced design 

specimens, as well as non-reheated and reheated plant-produced, laboratory-compacted 

specimens. The variability of these test results was documented in detail (Diefenderfer et al., 

2021). Subsequent field trials were planned and implemented in 2020. These trials featured asphalt 

mixtures with high RAP contents, softer binders, RAs, and a variety of additional additives such 

as fibers and softening oils (Diefenderfer et al., 2021). Based on the data derived from the 2019 

and 2020 field trials, there is a need to evaluate a broader spectrum of mixtures with varied 

performance responses. This would facilitate the collection of a robust dataset, necessary for either 

confirming or debunking the observed lack of correlation and significant difference in results for 

the Cantabro, IDT-CT, and APA tests. 

In 2020, a joint research initiative was undertaken by the VTRC, VDOT, and Virginia Tech, 

involving the design, placement, and accelerated testing of a control mixture and five BMD 

mixtures at the Virginia APT facility, owned by VDOT and located at the VTTI (Tong et al., 2023). 

This effort served, in part, as a highly controlled application of the BMD special provisions to 

production, offering an opportunity to scrutinize the implications of these specifications on various 

aspects such as the design, production, quality control and assurance practices, and construction 

of HRAP SMs (Tong et al., 2024). 

4.3. Objective and Scope 

The primary objective of this paper is to assess the impact of production and associated 

variability on a control mixture and five engineered mixtures designed using the BMD concept. 

This responds to the need for VDOT field trials studies to evaluate a broader spectrum of mixtures 

with varied performance responses. The assessment provided herein will offer comprehensive 

laboratory performance test references for quality measurement practices within BMD 

implementation. In addition, this study lays the foundation for future work aimed at bridging the 

gap between laboratory testing and APT field performance measurement. To accomplish this, in 

addition to testing performance during the design process, a comprehensive laboratory assessment 
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focused on durability, cracking resistance, and rutting performance was undertaken on the 

mixtures collected during production and paving of the APT facility. Statistical analyses were 

carried out to discern performance differences among different specimens including laboratory-

mixed laboratory-compacted specimens (designs), plant-mixed laboratory-compacted specimens 

(non-reheats), and plant-mixed laboratory-compacted specimens fabricated after a reheating 

process (reheats). A total of 648 specimens were evaluated in this study. In essence, the paper is 

structured to methodically address four fundamental inquiries: 

1. Comparing and evaluating the three primary BMD test results including Cantabro test, 

IDT-CT, and APA rutting test across six mixtures, and demonstrating the variations in 

different performances.  

2. Identifying statistical significance between different specimens (designs vs. non-reheats 

vs. reheats) and among different samples collected during production for each BMD tests. 

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

of the plant-produced mixtures. 

4. Exploring a more effective method for simultaneously evaluating multiple BMD primary 

performance metrics. 

4.4. Methodology 

4.4.1. Experimental Program 

A total of six mixtures encompassing one control and five BMD 9.5mm dense-graded SMs 

were designed, produced, and sampled for evaluation in this study. The experimental protocol 

included conducting volumetric and BMD laboratory testing on designs, non-reheats and reheats, 

followed by comprehensive analyses to evaluate the performance characteristics of these mixtures, 

as illustrated in Figure 4-1. 
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Figure 4-1. Experimental Plan for Laboratory- and Plant-Produced Mixtures. BMD = balanced 

mix design; IDT-CT = indirect tensile cracking test; APA = asphalt pavement analyzer; G = 

gradation analysis; V = volumetric analysis; VDOT = Virginia Department of Transportation; 

VTRC = Virginia Transportation Research Council. 

4.4.2. Mixture Designs 

The mixtures incorporated various combinations of RAP contents, two PGs, one RA, and 

one WMA additive. Design specimens were laboratory-produced laboratory-compacted 

specimens, fabricated for mixture design. The mixtures are defined in Table 3-1. 

4.4.3. Production Sampling 

Sampling of the loose mixture was conducted four times throughout each day of 

production. The production sampling plan for each mixture is outlined in Figure 4-1. Experimental 

Plan for Laboratory- and Plant-Produced Mixtures. BMD = balanced mix design; IDT-CT = 

indirect tensile cracking test; APA = asphalt pavement analyzer; G = gradation analysis; V = 

volumetric analysis; VDOT = Virginia Department of Transportation; VTRC = Virginia 

Transportation Research Council.. Samples were sequentially labelled from 1 to 4 (A to D) for 

each mixture and samples of test specimens were correspondingly labelled based on the sample 

from which they were fabricated (for instance Cantabro specimen sample 1 was fabricated from 

sample 1 for the mixture under evaluation). The producer generally performed a gradation analysis 

on samples 1 and 3. The VDOT district laboratory determined the volumetric properties for all 

four samples, in addition to determining the gradation for samples 1 and 3. The VTRC laboratory 

determined volumetric properties and gradation for all four samples of each mixture. The three 

entities collected the samples at the same time from the same production lot.   

The loose mixture samples collected during production for BMD testing underwent one of 

two procedures: they were either transported to the producer's laboratory and immediately 

compacted into test specimensðthese were referred to as non-reheats - or they were placed in 
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boxes, delivered to VTRC, and stored in a climate-controlled area for subsequent evaluation after 

reheating. Reheats were prepared by VTRC by reheating the loose mixture stored in boxes until 

the material was workable. After this, the material was divided into quantities sufficient for 

specimen fabrication. The material was then heated to the appropriate compaction temperature and 

compacted (Diefenderfer et al., 2021). Mixtures were not subjected to any additional oven aging. 

A total of 648 specimens were fabricated for the three BMD tests considered in this study. 

4.4.4. BMD Tests 

BMD testing for this study included three tests adopted in Virginia: Cantabro test, IDT-

CT, and APA test, which assess durability, cracking, and rutting, respectively (Diefenderfer et al., 

2023; Bowers et al., 2022). The corresponding thresholds/criteria for these tests are shown in Table 

4-1. Cantabro test has been recognized as a promising tool to assess the durability of dense-graded 

asphalt mixtures, as supported by several previous studies and efforts (Cox et al., 2017). The CML 

was determined in accordance with AASHTO T 401 on the three gyratory specimens used to 

determine volumetric properties. The IDT-CT was conducted at a temperature of 25°C in 

accordance with ASTM D8225-19 on five replicate test specimens compacted at 7±0.5% air voids. 

The APA test was performed in accordance with AASHTO T 340 at a temperature of 64ºC; four 

replicate test specimens were tested in an APA Junior machine. The APA specimens were 

compacted at 7±0.5% air voids. In addition, VDOT requires that the moisture susceptibility of 

asphalt mixtures be evaluated by means of AASHTO T 283. However, this evaluation is only 

required for the first production lot (Boz et al., 2021) and is not discussed further in this study. The 

contractor performed the moisture damage test, and all mixtures met the TSR requirement of 0.80.  

Table 4-1. Virginia Performance Testing Criteria 
Test Test Method Specimens Criteria 

Cantabro test AASHTO T401 3 replicates Mass loss Ů 7.5% 

APA test AASHTO T 340 4 replicates Rutting Ů 8.0 mm 

IDT-CT test ASTM D 8225 5 replicates CT index ů 70 

Moisture damage test AASHTO T 283 6 replicates TSR ů 80% 

APA = asphalt pavement analyzer; IDT-CT = indirect tensile cracking test; TSR = tensile strength ratio. The 

corresponding data collected by the producer for TSR was not discussed in this manuscript. 

4.4.5. Statistical Analyses 

To determine whether there are statistically significant differences between various 

specimens (designs, non-reheats, and reheats) and among the four produced samples for different 

mixtures, statistical analysis using various available tests was conducted using SPSS Statistics 

(Braver et al., 2003).  The Shapiro-Wilk (SW) test was used to evaluate the normality of the 

performance indices for each mixture. The null hypothesis posited by the SW test was that the data 

conformed to a normal distribution. Should the p-value fall below 0.05, the null hypothesis would 

be rejected, leading to the conclusion that the data does not follow a normal distribution. 

Subsequently, the Levene's Test was employed to assess the equality of variances. The analysis of 

variance (ANOVA) along with the Tukeyôs pairwise comparison test was performed at a 
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significance level of 5% (Braver et al., 2003).  The ANOVA results are presented with the Tukeyôs 

pairwise comparison pertaining to the comparison of different treatments (designs vs. non-reheats 

vs. reheats) and different samples during production. However, for those data not following the 

assumptions of normality or homogeneity of variance, a nonparametric test (at a significance level 

of 5%), the Kruskal-Wallis (KW) test was employed, as an alternative to the more traditional pair-

wise comparison test (Ostertagová et al., 2014). Results are represented in Table A-1 and Table 

A-2 for different BMD tests. 

4.5. Results 

4.5.1. Mixture Volumetric Properties and Gradations 

Producer and VDOT district data for volumetric properties and gradations were available 

from VDOTôs Materials Information Tracking System. Volumetric and gradation analyses for 

corresponding reheated samples were performed by VTRC. The data collected included gradation 

and asphalt binder content; theoretical maximum and bulk specific gravities (Gmm and Gmb); VTM; 

voids in mineral aggregate (VMA); voids filled with asphalt (VFA); bulk and effective aggregate 

specific gravities (Gsb and Gse); fine aggregate to asphalt ratio (FA); percent binder absorbed (Pba); 

effective binder content (Pbe); and effective asphalt film thickness (Fbe). The allowable production 

tolerances for volumetric properties and gradation sieves can be found in the VDOT specifications 

(VDOT 2020). 

Table 4-2 presents the results of production volumetric analyses performed by VDOT (for 

non-reheats) and VTRC (for reheats). Specimens prepared for the volumetric analyses were 

subsequently used for Cantabro testing. The production tolerance values were used for acceptance 

of the control mixture and used only as a relative reference for BMD mixtures, as only mixture 

30_C was designed in accordance with volumetric requirements. The other five mixtures were 

designed using BMD approach D (performance only), and volumetric requirements were waived, 

except for the production tolerance requirements on asphalt content and gradation (Diefenderfer 

et al., 2019). The asphalt binder content in all produced mixtures fell within acceptable tolerance, 

with the exception of some samples from mixture 45_HR that exceeded this tolerance. Notably, 

mixture 45_HR exhibited the highest binder content among all evaluated mixtures. This high 

binder content, combined with extremely lower air void observed during production, contributed 

to the "wet" nature of mixture 45_HR.  

Mixture 30_C exhibited the fewest volumetric properties that exceeded tolerance ranges. 

For produced mixture 30_O specimens, higher than acceptable VTM were observed, along with 

lower than acceptable VFA. Regarding HRAP mixtures, deviations outside of typical allowable 

tolerance ranges were primarily evident in VTM, VFA, and FA ratio values. This deviation 

stemmed from the mixture design process, which resulted in higher asphalt contents. This, 

combined with the aggregate structure, led to mixtures with lower VTM and higher VFA and FA 

ratios compared to those seen under VDOT's current volumetric design process. These changes in 

the mixture structure, influenced by the high RAP content, introduced more fines to the mixture. 
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Variability in volumetric properties was more pronounced in mixture 60_HR_L_RA featuring the 

highest RAP content. 

Table 4-2. Summary of Primary Volumetric Properties Determined on Mixtures During 

Production 

Property JMF 
Production 

tolerance 

Sample 1 Sample 2 Sample 3 Sample 4 

VDOT VTRC VDOT VTRC VDOT VTRC VDOT VTRC 

Mixture 30_C 

AC, % 5.6 ±0.3 5.57 5.47 5.39 5.44 5.69 5.76 5.60 5.39 

Gmm 2.531 - 2.536 2.545 2.545 2.604 2.543 2.538 2.542 2.546 

VTM, % 4.0 2.0-5.0 4.4 4.6 4.0 6.0 4.2 4.0 3.8 4.4 

VMA, % 16.8 Min. 16 17.1 17.1 16.4 18.6 17.2 17.2 16.7 16.7 

VFA, % 76.2 70-85 74.2 72.9 75.5 67.5 75.8 77.0 77.1 73.6 

FA Ratio 1 0.7-1.3 1.1 1.1 1.2 1.1 1.1 1.0 1.1 1.1 

Mixture 30_O 

AC, % 6.0 ±0.3 6.12 6.12 6.18 6.14 6.10 6.09 6.12 5.97 

Gmm 2.517 - 2.520 2.524 2.523 2.515 2.521 2.529 2.523 2.523 

VTM, % 2.1 2.0-5.0 5.8 5.4 6.1 4.6 6.5 5.9 6.1 5.4 

VMA, % 15.9 Min. 16 19.5 19.1 19.9 18.4 20.0 19.5 19.9 18.8 

VFA, % 87.0 70-85 70.0 71.7 69.1 75.2 67.5 69.8 69.0 71.1 

FA Ratio 1.1 0.7-1.3 1.0 1.1 - 1.1 1.1 1.0 - 1.1 

Mixture 45_HR 

AC, % 6.8 ±0.3 6.81 6.72 6.87 7.22 6.67 7.11 6.82 6.97 

Gmm 2.497 - 2.500 2.506 2.503 2.505 2.512 2.508 2.515 2.510 

VTM, % 5.2 2.0-5.0 0.3 0.8 0.5 0.6 0.6 0.6 0.8 0.6 

VMA, % 20.2 Min. 16 16.1 16.4 16.5 17.5 16.2 17.2 16.7 16.9 

VFA, % 74.3 70-85 98.3 95.3 97.1 96.5 96.1 96.4 95.2 96.4 

FA Ratio 1.2 0.7-1.3 1.2 1.1 - 1.2 1.2 1.2 - 1.2 

Mixture 45_HR_RA 

AC, % 6.2 ±0.3 6.10 6.19 6.24 6.15 6.30 6.34 6.28 6.21 

Gmm 2.519 - 2.540 2.541 2.542 2.546 2.539 2.541 2.536 2.535 

VTM, % 2.7 2.0-5.0 1.9 2.1 2.6 2.6 2.2 2.6 2.6 2.3 

VMA, % 16.9 Min. 16 16.0 16.4 17.0 16.8 16.8 17.3 17.1 16.7 

VFA, % 84.0 70-85 88.5 87.5 84.9 84.6 86.9 84.7 84.8 86.0 

FA Ratio 1.2 0.7-1.3 1.4 1.5 - 1.4 1.2 1.2 - 1.3 

Mixture 45_HR_L  

AC, % 6.0 ±0.3 6.05 5.97 6.00 6.00 6.07 6.16 6.17 6.02 

Gmm 2.521 - 2.522 2.536 2.547 2.544 2.536 2.533 2.534 2.537 

VTM, % 4.2 2.0-5.0 1.9 2.0 3.2 3.2 2.4 2.6 3.2 3.0 

VMA, % 17.9 Min. 16 16.1 16.0 17.2 17.2 16.7 17.0 17.5 17.0 

VFA, % 76.6 70-85 88.2 87.7 81.5 81.6 85.3 84.8 81.8 82.3 

FA Ratio 1.3 0.7-1.3 1.3 1.2 - 1.2 1.2 1.2 - 1.2 

Mixture 60_HR_L_RA  

AC, % 6.0 ±0.3 5.99 5.89 5.84 6.14 5.7 5.88 6.01 5.90 

Gmm 2.538 - 2.523 2.550 2.548 2.548 2.547 2.546 2.537 2.542 

VTM, % 1.5 2.0-5.0 0.2 1.4 1.3 1.7 1.9 2.4 2.1 2.2 

VMA, % 15.3 Min. 16 14 15.0 14.8 15.8 15.0 15.8 15.8 15.7 

VFA, % 90.0 70-85 98.9 90.4 91.2 89.5 87.1 84.6 87.8 85.9 

FA Ratio 1.5 0.7-1.3 1.5 1.4 - 1.4 1.4 1.3 - 1.4 

AC = asphalt binder content; Gmm = maximum specific gravity; VTM = voids in total mixture; VMA = voids in 

mineral aggregate; VFA = voids filled with asphalt; FA = fines to asphalt; VDOT = Virginia Department of 

Transportation; VTRC = Virginia Transportation Research Council; C = control; O = optimized; HR = high 

reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder. 



70 

 

Generally, the gradations of different samples across each mixture, as determined by the 

producer, VDOT district, and VTRC, were within the allowable production tolerance. Table 1 

details the gradations of the mixture designs, which are shown in Figure 4-2. Figure 4-2 indicates 

that the design gradations of the six mixtures closely resemble one another, with standard deviation 

in passing percentages at different sieve sizes ranging from 0 to 2.1%. The design gradations, 

alongside the average producer, VDOT district, and VTRC gradations, are shown in Figure 4-3. 

Overall, the gradation curves of the designs, non-reheats, and reheats are strongly congruent, with 

the curves of the non-reheats and reheats showing near-perfect overlap. 

 
Figure 4-2. Design Gradations for the Six Mixtures. C = control; O = optimized; HR = high 

reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder. 

 
Figure 4-3. Average Aggregate Gradations Determined During Design by Producer and During 

Production by Producer, VDOT District, and VTRC for: (a) Mixture 30_C; (b) Mixture 30_O; 
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(c) Mixture 45_HR; (d) Mixture 45_HR_RA; (e) Mixture 45_HR_L; and (f) Mixture 

60_HR_L_RA. VDOT = Virginia Department of Transportation; VTRC = Virginia 

Transportation Research Council; C = control; O = optimized; HR = high reclaimed asphalt 

pavement; RA = recycling agent; L = softer virgin binder; „ = average standard deviation. „ 

from producer missed for mixture 30_O, because only the 1st sample was checked by producer. 

4.5.2. Durability Assessment 

The Cantabro test was used to evaluate the durability of AC mixtures (Cox et al., 2017) 

and was performed on designs, non-reheats, and reheats. Figure 4-4 shows the CML for all 

mixtures with its sample standard deviation. The lower CML indicated better durability 

performance. The maximum limit of 7.5% as specified by the VDOT BMD special provision is 

represented by a red dashed line. All plant-produced HRAP BMD mixture samples complied with 

the maximum 7.5% CML VDOT BMD limit requirement. Meanwhile, all plant-produced BMD 

mixtures exhibited superior durability compared to that of mixture 30_C, as indicated by their 

lower mean CML values in Table 4-2. These observations highlighted the enhancement of 

durability in BMD mixtures attributed to higher binder content. In comparison to HRAP mixtures, 

mixtures 30_C and 30_O exhibited a more pronounced discrepancy between plant-produced 

mixtures and laboratory-produced mixtures in terms of CML. In the case of mixture 30_O, such 

discrepancies could be attributed to higher VTM and lower VFA compared to the designs. 

Furthermore, the control mixture 30_C showed increased sensitivity to plant production variations 

compared to BMD mixtures.  

The CML values of the plant-produced mixtures (both non-reheats and reheats) were 

significantly higher compared to the corresponding designs. However, exceptions are observed in 

Table A-3 of the Appendix: in the comparison between the designs and reheats for mixture 45_HR, 

the plant-produced mixture, with its higher asphalt content and lower VTM, exhibited a reduced 

CML. Additionally, in the comparison between designs and non-reheats of mixture 60_HR_L_RA, 

there was no significant difference detected. Volumetric pills were used for the Cantabro test. The 

plant-production variability and the mass-controlled compaction may be factors impacting the 

CML. Additionally, a uniform pattern was observed across all mixtures, wherein the reheats 

significantly presented higher CML values than the non-reheated counterparts. This suggested that 

the reheating process may generally result in lower durability, which aligns with previous studies 

(Diefenderfer et al., 2021). A more detailed comparison of reheats and non-reheats can be found 

in Table A-5 of the Appendix. Statistical significance is generally not found among samples in 

both non-reheats and reheats. However, exceptions were observed between non-reheats_3 and 

non-reheats_4 of mixture 45_HR_RA, and between reheats_2 and reheats_3 of mixture 

60_HR_L_RA. These discrepancies can be attributed to variations in VTM and VFA, as shown in 

Table 4-2. 

Table 4-3 provides a summary of the descriptive statistics employed in the CML of plant-

produced mixtures. For non-reheats, the coefficient of variance (COV) exhibited a range between 

9.6% and 20.5% with the lowest COV was observed in the 30_C mixture. The COV values for 
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reheats consistently remained below their corresponding non-reheated counterparts, varying 

between 8.8% and 12.9%. An important factor to consider is that the preparation of non-reheated 

specimens must be completed shortly after sampling during production. However, there is 

typically less time pressure associated with preparing reheated specimens.  

 
Figure 4-4. Cantabro Mass Loss Results for Mixtures: (a) Mixture 30_C; (b) Mixture 30_O; (c) 

Mixture 45_HR; (d) Mixture 45_HR_RA; (e) Mixture 45_HR_L; and (f) Mixture 60_HR_L_RA. 

Values are the average of three replicates; I-bars indicate ± one standard deviation; C = control; 

O = optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin 

binder; NR = Non-reheats; R = Reheats; Red dashed line = BMD special provision limit. 

Table 4-3. Summary of Descriptive Statistics for Performance Tests of Plant-Produced Mixtures 

Mass loss, % 
Mean COV 

Non-reheats Reheats Non-reheats Reheats 

30_C 7.4 8.7 9.6 9.3 

30_O 5.8 8.2 14.7 8.8 

45_HR 2.4 3.7 18.1 12.9 

45_HR_RA 4.3 6.2 20.5 11.7 

45_HR_L 5.0 6.3 10.6 10.0 

60_HR_L_RA 4.6 6.1 11.5 10.4 

CT index 
Mean COV 

Non-reheats Reheats Non-reheats Reheats 

30_C 138.8 54.1 20.7 9.4 

30_O 242.2 75.9 24.0 25.3 

45_HR 943.7 405.2 20.4 28.3 

45_HR_RA 342.2 158.0 24.7 49.6 

45_HR_L 220.0 94.3 33.7 20.4 

60_HR_L_RA 219.7 101.2 22.0 21.1 
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APA rut 

depth, mm 

Mean COV 

Non-reheats Reheats Non-reheats Reheats 

30_C 4.2 4.3 26.6 26.8 

30_O 6.1 4.3 22.4 20.6 

45_HR 11.9 6.7 12.2 15.2 

45_HR_RA 5.3 5.1 20.7 16.6 

45_HR_L 4.4 4.5 30.0 25.4 

60_HR_L_RA 3.9 5.2 33.3 21.2 

COV = coefficient of variation; CT = cracking tolerance; APA = asphalt pavement analyzer; C = control; O = 

optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder.  

4.5.3. Cracking Performance Assessment 

The IDT-CT (also known as IDEAL-CT) is being used by VDOT to assess mixture 

resistance to cracking. Figure 4-5 displays the mean IDT-CT test results along with the respective 

sample standard deviations. The higher CT index indicated the higher cracking resistance. The 

minimum limit of 70 as specified by the VDOT BMD special provision was represented by a red 

dashed line. In general, all produced HRAP BMD mixtures met the VDOT BMD CT index 

threshold of 70, indicating satisfactory cracking resistance. Nevertheless, lower CT indices were 

observed in the reheats of mixtures 30_C and 30_O, with this phenomenon being particularly 

pronounced in mixture 30_C. These observations were similar to findings from Cantabro tests, 

highlighting the enhancement of cracking resistance in BMD mixtures attributed to higher binder 

content. Additionally, all BMD mixtures exhibited better cracking resistance compared to mixture 

30_C, as indicated by their higher mean CT index values (the same pattern found in the durability 

evaluation), shown in Table 4-3. 

Reheats across different mixtures demonstrated CT index values closer to the designs for 

all mixtures. Non-reheats generally exhibited significantly higher CT index values compared to 

designs excluding mixture 45_HR_L and 60_HR_L_RA. The disparity between reheats and non-

reheats across different mixtures proved to be statistically significant, as illustrated in Table A-4 

of the Appendix. This observation underscored the potential aging effect introduced during the 

reheating process, which may potentially compromise the cracking resistance of the mixtures, 

aligning with findings from previous studies (Diefenderfer et al., 2021). The sensitivity to 

reheating varied among different mixtures. In the pairwise comparisons using the KW test between 

samples presented in Table A-6 of the Appendix, the absence of statistically significant differences 

among four samples in both non-reheats and reheats indicates a consistent plant-production and 

specimens fabrication process. Note that the IDT-CT specimens were compacted at VTM of 

7±0.5%. Compared with Cantabro specimens (volumetric pills), the controlled air voids may have 

contributed to less statistical significance/variance in the CT index between design and production 

specimens. 

In the case of non-reheats, the COV ranged from 20.4% to 33.7%. while for reheats, COV 

values ranged from 9.3% to 49.6%. In most instances, the COV of the CT index exceeded VDOT's 

single-operator precision estimate (1s) of 18.3% (Habbouche et al., 2022). Furthermore, a 

consistent trend of higher CT index COV for all BMD mixtures was observed compared to mixture 
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30_C, except for the non-reheats of mixture 45_HR.  This could be attributed to higher RAP 

contents, as RAP stockpiles are known to be variable and require stricter control and better 

management during production.  

 

 
Figure 4-5. Performance Test Data for IDT-CT: (a) Mixture 30_C; (b) Mixture 30_O; (c) 

Mixture 45_HR; (d) Mixture 45_HR_RA; (e) Mixture 45_HR_L; and (f) Mixture 60_HR_L_RA. 

Values are the average of five replicates. I-bars indicate ± one standard deviation; CT = cracking 

tolerance; C = control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling 

agent; L = softer virgin binder; NR = Non-reheats; R = Reheats; Red dashed line = BMD special 

provision limit. 

4.5.4. Rutting Performance Assessment 

The APA rut test was conducted in accordance with AASHTO T 340. A higher APA rut 

depth (RD) value indicated an increased susceptibility to rutting damage. The APA test results for 

the respective mixtures are illustrated in Figure 4-6. Within this figure, each bar symbolizes the 

mean values derived from 2 molds (4 specimens), accompanied by its corresponding error bar 

denoting the range of plus or minus one sample standard deviation. Note that the non-reheats of 

both sample 1 and 3 in mixture 45_HR only have a final mean value documented. The maximum 

8 mm threshold is represented by a red dashed line.  

All mixtures except the non-reheats of mixture 45_HR, met the VDOT BMD 

recommended threshold of 8 mm. This could be attributed to the incorporation of an excessive 

asphalt binder content during the production. Such observations indicate that for BMD mixtures, 

rutting performance can achieve a well-balanced status during both the design and production 
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phases. Furthermore, there are no significant differences between the designs and production 

samples (both reheats and non-reheats), except for the designs vs. non-reheats of mixture 45_HR, 

where a significant difference was detected as shown in Table A-5 of the Appendix. A more 

detailed comparison, presented in Table A-6 of the Appendix, reveals the absence of statistically 

significant differences among the four samples in both non-reheats and reheats, indicating a 

consistent plant-production and specimen fabrication process. Additionally, the reheating process 

introduced a potential aging effect, resulting in a decreased APA RD for mixtures 30_O and 

45_HR. However, the effect of the reheating process on rutting performance varied when RA or 

soft binder conditions were applied to mixtures, including 45_HR_RA, 45_HR_L, and 

60_HR_L_RA. Similarly, likely due to air void requirements, statistical differences in the APA 

RD test between produced specimens and designs were less significant than that of the Cantabro 

test. In Table 3, for non-reheats, COV values exhibited a range spanning from 12.2% to 33.3%. 

For reheats, COV values ranged from 15.2% to 26.8%.  

 

 
Figure 4-6. Performance Test Data for APA Rut Depth at 64°C and 8,000 Loading Cycles: (a) 

Mixture 30_C; (b) Mixture 30_O; (c) Mixture 45_HR; (d) Mixture 45_HR_RA; (e) Mixture 

45_HR_L; and (f) Mixture 60_HR_L_RA. Values are the average of three replicates. I-bars 

indicate ± one standard deviation; APA = asphalt pavement analyzer; C = control; O = 

optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin 

binder; NR = Non-reheats; R = Reheats; Red dashed line = BMD special provision limit. 
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4.6. Additional Discussion and Analyses 

4.6.1. Assessing the Effect of Reheating 

Based on pair-wise comparisons (Table A-4), there were no significant differences in 

performance indices among the four produced samples for both non-reheats and reheats, except 

for two cases (non-reheat-3 vs.non-reheat-4 of mixture 45_HR_RA and reheat-2 vs. reheat-3 of 

mixture 60_HR_L_RA) from Cantabro specimens. The relationship between the mean 

performance indices of non-reheats and reheats for the six evaluated mixtures is illustrated in 

Figure 4-7 using mean sample values. Figure 4-7a and Figure 4-7b reveal that the reheating process 

resulted in higher CML values and lower CT index, suggesting a potential decrease in the 

durability and cracking resistance of the produced mixtures for both control and BMD mixtures. 

The current CML requirement established by VDOT is based on reheated specimens. This analysis 

indicated that a mean CML value of 7.5% for reheats corresponded to a mean CML value of 5.8% 

for non-reheats, as indicated by the regression equation presented in Figure 4-7a. Notably, nineteen 

out of twenty-four (79.16%) mean CML values for non-reheats fell below the 5.8% threshold. In 

contrast, all reheats from 30% RAP mixtures exceeded the 7.5% limit. Regarding the CT index, 

an independent analysis conducted by VTRC examined the potential correlation between CT index 

values for reheats and non-reheats using data from field trials spanning 2019, 2020, and 2021 (Boz 

et al., 2023) and included both control and BMD mixtures. The study recommended a CT value of 

95 as a criterion for non-reheats. Applying this criterion, it was observed that all non-reheats 

(100%) evaluated in this study exhibited mean CT index values exceeding 95. For reheats, five out 

of twenty-four (20.83%) mean CT index values fell below 70, as shown in Figure 4-7b. Figure 

4-7c indicated that the impact of the reheating process on rutting performance of evaluated 

mixtures, excluding mixture 45_HR, was not significant. A total of twenty out of twenty-four 

(83.33%) mean RD values for non-reheats were less than 8.0 mm, while all reheats (100%) 

evaluated in this study exhibited mean APA RD below 8 mm. 

 
Figure 4-7. Relationship Between Non-reheats and Reheats: (a) Cantabro Test; (b) IDT-CT Test; 

(c) APA Rutting Test. RD = rut depth; C = control; O = optimized; HR = high reclaimed asphalt 

pavement; RA = recycling agent; L = softer virgin binder; NR = non-reheats; R = reheats; Solid 
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black line = equality line. Solid red line = VDOTôs balanced mix design limit for reheated 

asphalt surface mixtures. 

4.6.2. Quantifying the Degree of Balance for the Produced Mixture  

In the preceding analysis, the results of the BMD performance tests were discussed 

individually, employing the VDOT BMD thresholds established based on reheats. Additionally, it 

determined the limits applicable for the analysis of non-reheats. The following section was 

primarily devoted to conducting a comprehensive assessment of whether the produced mixtures 

maintain balance among different performance indices during production. To facilitate the 

assessment, traditional comparative methods necessitated separate sets of pairwise comparisons of 

primary performances (Bowers et al., 2023). Figure 4-8a, Figure 4-8b, Figure 4-8c respectively 

illustrate the comparisons between the IDT-CT and Cantabro test; the APA rut test and Cantabro 

test; and the IDT-CT and APA rutting test, respectively, for both designed and produced mixtures. 

However, the CT index of non-reheated specimens of mixture 45_HR was excessively high. For a 

more effective visualization, Figure 4-8d displays the IDT-CT vs. APA rut test comparison, 

excluding non-reheats of mixture 45_HR. In addition to presenting the mean values of different 

performance indices, VDOT BMD limits for reheats and applicable limits for non-reheats were 

represented by solid and dashed lines of different colors, respectively. Currently, VDOT has not 

specified a limit for CML when evaluating non-reheats; therefore, the limit of 5.8% derived from 

last section is used solely for the purposes of this study. Two rectangular green blocks indicate the 

regions where mixtures maintain balance, with the lighter region designated for reheats and the 

darker region for non-reheats.  
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Figure 4-8. Comparison of Mean Performance for Each Mixture Variation: (a) IDT-CT vs. 

Cantabro test; (b) APA Rutting Test vs. Cantabro test; (c) IDT-CT vs. APA Rutting Test; (d) 

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

RD = rut depth; D = design; NR = non-reheats; R = reheats; C = control; O = optimized; HR = 

high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder. Solid lines = 

VDOTôs balanced mix design limit for reheated asphalt surface mixtures; Dashed lines = 

VDOTôs balanced mix design limit for non-reheated asphalt surface mixtures. 

In the analysis, it was evident that while pairwise comparisons were effective in evaluating 

two primary indices, assessing the balance status of three primary indices in this paper through 

this comparison method can be cumbersome and prone to oversight. Tong et al. (2024) employed 

a Three-Dimensional (3-D) plot to comprehensively analyze the relative relationships among the 

three primary performance indices of six mixtures and proposed a Composite Performance Index 

(CPI) to evaluate mixture overall performances. Inspired by this approach, this paper also aimed 

to utilize 3-D plots to examine the balance status of produced mixtures among three primary 

performances and propose a revised CPI, denoted as CPIR, to evaluate the composite performance 

for produced mixtures. This composite performance encompasses considerations of durability, 

cracking resistance, and rutting resistance concurrently. For the 3-D plot, each performance index 
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should be normalized by its corresponding threshold using Equations 4-1 through 4-3. The purpose 

of obtaining the normalized indices is to evaluate the mixtures' performances using a unified 

manner. Specifically, a smaller normalized index indicates better performance. For the CT index, 

a larger value signifies better cracking resistance, which is opposite to the trends of other metrics 

such as CML and RD. Therefore, Equation (4-3) is formulated differently compared to Equations 

(4-1) and (4-2). Table 4-4 presents the normalized performance indices of the evaluated produced 

mixtures. If a value exceeds 1, it indicates that the mixtureôs corresponding performance is not 

balanced and is marked in red. This outcome is succinctly depicted by the 3-D plot, with CML, 

RD, and CT index corresponding to the x, y, and z coordinates, respectively.  

Figure 4-9 displays the 3-D plots for all produced mixtures, wherein points within a red 

unit cube reflect mixtures maintaining a well-balanced status across three primary performances. 

Moreover, mixtures closer to the origin denote better composite performance. CPIR , representing 

the distance from the origin to the point on the 3-D plot, can be computed using Equation 4-4. The 

óRô in #0) stands for ñrevisedò and ñreversed,ò indicating that a lower #0) value, approaching 

zero, denotes superior composite performance of the respective mixture.  

 

ὼ ὔέὶάὥὰὭᾀὩὨ ὓὒ
 

                                  Equation 4-1 

 

ώ ὔέὶάὥὰὭᾀὩὨ ὙὈ
 

                                  Equation 4-2 

 

ᾀ ὔέὶάὥὰὭᾀὩὨ ὅὝ ὭὲὨὩὼ
  

 
                Equation 4-3 

 

ὅὖὍ ὃὼ ὄώ ὅᾀ                                               Equation 4-4        

 

Where CML thresholds for non-reheats and reheats are 5.8% and 7.5%, respectively; RD 

thresholds for non-reheats and reheats are both 8 mm; CT index thresholds for non-reheats and 

reheats are 95 and 70, respectively; A, B, C are weight factors, in this case, A = B = C =1. 

 

Addressing the constraints of conventional pairwise comparisons, the utilization of 3-D 

plots offers a more intuitive approach to assessing the balanced status of produced mixtures. 

Additionally, 3-D plots incorporate a scaling function that can mitigate the impact of extreme test 

results, such as the CT index of 45_HR (refer to Figure 4-8c and Figure 4-8d), thereby reducing 

interference in image-based analyses. Owing to distinct thresholds for non-reheats and reheats, 

separate 3-D plots for each are depicted in Figure 4-9a and Figure 4-9b. For HRAP mixtures, 

among non-reheats, 75% (12 out of 16) of mixtures exhibited balanced performance across three 

primary metrics, albeit with non-reheats of 45_HR falling short of the 8 mm limit. Conversely, all 

reheats of HRAP mixtures achieved a balanced performance across all three primary metrics, 

attaining a 100% balance rate. Instances of unbalanced performance were predominantly observed 

in 30% RAP mixtures, particularly evident in 30_C. Despite the normalized RD metric for all such 
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cases meeting the prescribed limit, both non-reheats and reheats of mixture 30_C failed to meet 

the CML limit. Additionally, reheats of 30_C also failed to meet the CT index limit. As for mixture 

30_O, the primary issue arose from reheats failing to meet the CML limit.  

Table 4-4 also provides a summary of all CPIR values, with those exceeding 1.73 (the 

length of the diagonal of a unit cube Ѝσ] in 3-D plot) highlighted in yellow. Notably, the CPIR 

values for all HRAP mixtures remained below 1.73. It was also evident that exceeding a single 

prescribed limit might not necessarily result in a CPI exceeding 1.73. However, a significant 

increase in CPIR values surpassing 1.73 was primarily observed in the reheats of mixture 30_C, 

attributed to both its CML and CT index exceeding their respective limits of 1. In this study, the 

CPIR calculation used identical weight factors (A=B=C=1) for the three distinct metrics, with 1.73 

serving as an initial limit for CPIR. As additional laboratory experimental data and further field 

performance evaluations collected and compiled together, transportation agencies can undertake a 

thorough assessment of the composite performance of BMD mixtures and, if necessary, establish 

corresponding CPIR thresholds. Furthermore, agencies can more effectively use the CPIR as part 

of their acceptance program to determine appropriate pay factors, determining contractor bonuses 

or penalties based on a single/unified index that reflects the composite performance in terms of 

durability, cracking, and rutting.  However, it is crucial to clarify that the weight factors (A, B, C) 

in our study are applied to the normalized values of the CML, RD, and CT indices (as per Equations 

3-1 to 3-3). These normalized values have already taken into account the varying levels of concern 

different states have for different types of distress, which is reflected in the selection of different 

prescribed test thresholds. For instance, Virginia has chosen thresholds of 7.5%, 8 mm, and 70 for 

the CML, RD, and CT indices, respectively. In states where cracking resistance is a higher priority, 

transportation agencies can adjust the corresponding thresholds, such as increasing the CT index 

threshold from 70 to 90. 

Table 4-4. Summary of Normalized Performance indices for 3-D Plots 

Samples 
30_C Normalized Values 30_O Normalized Values 45_HR Normalized Values 

CML RD CT index ὅὖὍ CML RD CT index ὅὖὍ CML RD CT index ὅὖὍ 

Non-reheats 1 1.27 0.66 0.68 1.59 0.87 0.58 0.36 1.11 0.42 1.72 0.10 1.77 

Non-reheats 2 1.24 0.48 0.75 1.53 0.96 0.75 0.46 1.30 0.35 1.30 0.10 1.35 

Non-reheats 3 1.35 0.52 0.66 1.59 0.99 0.74 0.46 1.32 0.37 1.41 0.09 1.46 

Non-reheats 4 1.26 0.42 0.65 1.48 1.19 0.96 0.33 1.56 0.50 1.54 0.12 1.63 

Reheats 1 1.15 0.66 1.28 1.84 1.12 0.48 0.80 1.45 0.51 0.83 0.14 0.99 

Reheats 2 1.27 0.50 1.22 1.83 1.10 0.58 1.52 1.96 0.48 0.81 0.14 0.95 

Reheats 3 1.05 0.42 1.44 1.83 1.06 0.60 0.82 1.46 0.42 0.96 0.20 1.07 

Reheats 4 1.15 0.57 1.26 1.80 1.13 0.48 0.83 1.48 0.53 0.75 0.26 0.95 

Samples 
45_HR_RA Normalized Values 45_HR_L Normalized Values 60_HR_L_RA Normalized Values 

CML RD CT index ὅὖὍ CML RD CT index ὅὖὍ CML RD CT index ὅὖὍ 

Non-reheats 1 0.78 0.61 0.29 1.03 0.77 0.65 0.32 1.06 0.74 0.53 0.43 1.00 

Non-reheats 2 0.75 0.76 0.33 1.11 0.92 0.59 0.54 1.21 0.71 0.67 0.35 1.04 

Non-reheats 3 0.88 0.73 0.30 1.18 0.87 0.36 0.67 1.16 0.82 0.44 0.51 1.06 

Non-reheats 4 0.59 0.57 0.22 0.85 0.87 0.61 0.35 1.12 0.88 0.31 0.47 1.05 

Reheats 1 0.88 0.68 0.70 1.31 0.75 0.52 0.70 1.15 0.78 0.66 0.67 1.22 

Reheats 2 0.90 0.72 0.69 1.34 0.88 0.53 0.82 1.31 0.73 0.73 0.81 1.31 

Reheats 3 0.71 0.62 0.26 0.98 0.84 0.50 0.95 1.37 0.91 0.55 0.80 1.33 
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Reheats 4 0.80 0.54 0.38 1.04 0.88 0.69 0.60 1.27 0.82 0.66 0.55 1.18 

ML = mass loss; RD = rutting depth; CT = cracking tolerance; CPIR = revised composite performance index; C = 

control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling agent; L = softer virgin binder; A, 

B, C, and D = Sample ID.   

 
Figure 4-9. 3-D Plots: (a) Non-reheated Specimens; (b) Reheated Specimens. NR = non-reheats; 

R = reheats; C = control; O = optimized; HR = high reclaimed asphalt pavement; RA = recycling 

agent; L = softer virgin binder; the red unit cube indicates the well-balanced area for the three 

normalized primary performance indices. 

4.7. Summary of Findings and Future Work  

This research assessed the impact of production and associated variability on a control 

mixture and five BMD surface mixtures with conventional and high RAP contents. These mixtures 

were produced during design and collected at the plant during production and paving of the APT 

facility. This evaluation focused on durability, cracking resistance, and rutting resistance as 

primary facets of the BMD concept in Virginia. These specimens included laboratory-mixed 

laboratory-compacted specimens (designs), plant-mixed laboratory-compacted specimens at the 

plant (non-reheats), and plant-mixed laboratory-compacted specimens that underwent a reheating 

process (reheats). Statistical analyses were used to evaluate variations in performance metrics 

between specimens fabricated using different procedures and among various samples produced 

using mixtures collected from various lots. The main outcomes and key recommendations are 

summarized as follows:  

1- Precision in plant control over the mixture's gradation was observed, resulting in minor 

differences between various samples. The averaged standard deviations of sieve sizes 

across all samples were remarkably low, suggesting that gradation variability may not 

substantially influence the results of performance tests.  

2- The control mixture met the prescribed production tolerances for volumetric 

requirements. Deviations were mostly evident in the VTM and VFA variance of BMD 
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optimized mixtures, which could be the key factors resulting from production and 

specimen fabrication affecting CML. 

3- Compared with mass-controlled volumetric pills used for the Cantabro test, compacting 

IDT-CT and APA specimens at VTM of 7±0.5% exhibited less significant difference 

between designs and produced specimens and among the different samples during 

production. 

4- The observations from both durability and cracking resistance assessments for the 

evaluated mixtures yielded similar outcomes. The produced HRAP BMD mixtures 

complied with the prescribed VDOT BMD special provisions. Instances failing to meet 

the corresponding specifications were exclusively identified within the 30% RAP 

mixtures, with the control mixture exhibiting the most pronounced deviation. This 

highlighted the ability of a higher OBC to concurrently enhance the durability and 

cracking performance of mixtures. It also emphasized the necessity and effectiveness of 

employing soft binder and RAs with the BMD concept for HRAP mixtures.  

5- The aging effect introduced during the reheating process may compromise the durability 

and cracking resistance of the mixtures.   

6- Different specimens showed more consistent APA RD results compared with Cantabro 

test and IDT-CT. Furthermore, the impact of the reheating process on rutting 

performance varied when a RA or softer binder were used in the mixtures. 

7- The use of 3-D plots provided a more intuitive method for evaluating the balanced status 

among multiple performance indices of produced mixtures. It demonstrated that almost 

all produced HRAP mixtures demonstrate a well-balanced status. Additionally, A CPIR 

was introduced to assess the composite performance of the produced mixture -durability, 

cracking, and rutting. CPIR could be used as part of agenciesô acceptance program for 

BMD mixtures to determine a pay factor for possible bonuses or penalties. This approach 

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

on volumetric properties that predominates current practices. 

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

establish a foundation for future work aimed at bridging the gap between laboratory testing and 

APT field performance measurement. The analyses presented in this paper highlight the 

advantages and disadvantages of using specimens fabricated with and without the reheating of 

loose mixture samples. The effectiveness of using reheated and non-reheated samples with 

different thresholds will be evaluated by comparing APT field performance with laboratory 

metrics. 
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CHAPTER 5 -  Machine Learning-Based Prediction and Optimization of 

Balanced Mixture Design Performance Indices5 

5.1. Abstract 

The BMD concept is an emerging methodology that facilitates the design of engineered 

asphalt mixtures. This approach is particularly beneficial for mixtures containing conventional and 

high reclaimed asphalt pavement contents, for which the traditional volumetric design methods 

may fail to effectively address the performance characteristics. However, due to production 

variability, these engineered mixtures can still fail to meet the required thresholds. Additionally, 

identifying the cause of this imbalance is challenging. To maximize the benefits of BMD 

implementation, this study introduces machine learning (ML) algorithms including linear 

regression (LR), random forest (RF), extreme gradient boosting (XGB), and support vector 

regression (SVR) as strategic tools to predict mixturesô BMD performance indices. 648 specimens 

fabricated for quality acceptance as part of the 2020 Virginia Accelerated Pavement Testing 

Program is used for the modeling and analysis. Durability, cracking, and rutting susceptibility of 

the specimens were evaluated using the Cantabro test, indirect tensile cracking test (IDT-CT), and 

Asphalt Pavement Analyzer (APA) rut test, respectively. Key outcomes include: (a) ML models, 

including RF, XGB, and SVR, demonstrated superior performance compared to LR; (b) Feature 

importance analysis from ML models identified dominant factors for each BMD test. Additionally, 

the reheating process was highlighted; (c) A pseudo in-situ deployment was simulated to optimize 

BMD implementation. The dimensionality reduction analysis ½ uniform manifold approximation 

and projection ½ highlighted the practical challenges associated with concurrently improving 

multiple performance metrics. Ultimately, the pivotal role of ML in advancing both the design and 

production phases was emphasized. 

 

Keywords:  machine learning, random forest, XGBoost, SVR, BMD, RAP, production variability. 
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5.2. Introduction  

In the ever-evolving landscape of asphalt mixture design, the industry faces significant 

challenges driven by the necessity for high-performance pavements, the increasing demand for 

sustainable practices, and the escalating costs of raw materials (Golalipour et al., 2021). Current 

applications of the Superpave methodology have predominantly focused on volumetric properties 

of asphalt mixtures in the U.S.. However, the dynamic nature of contemporary asphalt materials, 

characterized by the widespread use of the extensive application of RA and additives, necessitates 

a shift towards a design philosophy that emphasizes long-term performance. 

The BMD methodology has emerged as a pivotal innovation in this context. As delineated 

by the National Asphalt Pavement Association (NAPA) and the American Association of State 

Highway and Transportation Officials (AASHTO), BMD is characterized as an ñAsphalt mix 

design using performance tests on appropriately conditioned specimens that address multiple 

modes of distress taking into consideration, mix aging, traffic, climate, and location within the 

pavement structure (NCAT & NAPA 2023; AASHTO 2021)ò. The BMD methodology introduces 

performance testing criteria as a replacement for certain traditional aspects, such as volumetric 

properties, focusing on evaluating the resistance of mixtures to common distresses, such as rutting 

and cracking. To gain acceptance, BMD mixtures are required to meet defined performance 

benchmarks during the design phase, with the possibility of additional performance tests during 

the production phase. Additionally, the integration of BMD methodology with the use of RAs 

and/or softer binders, presents a strategic approach to design and production of engineered HRAP 

mixtures, providing an innovative and practical response to the demands of contemporary 

pavement construction (Tong et al., 2024; West et al., 2018). In line with this advancement, a 

growing number of state highway agencies are actively investigating and implementing the BMD 

framework for the design and approval of asphalt mixtures (West et al., 2018; Yin and West, 2021; 

Mogawer et al., 2023). 

Implementing the BMD framework typically involves two primary steps. The first step 

initiates with a design phase, wherein different state agencies may select varied foundational BMD 

tests and corresponding thresholds based on their specific requirements. For instance, in Virginia, 

three fast, simple, and practical performance-indicative tests were adopted for BMD SMs. These 

tests include the Cantabro test, capped at a maximum CML of 7.5%, to assess durability; the IDT-

CT at intermediate temperatures, with a minimum CT index of 70, for cracking performance 

assessment with short-term aged conditions; and the APA rut test, with a maximum rut depth (RD) 

limit of 8 mm, for rutting resistance evaluation (Bowers et al., 2022; Habbouche et al., 2021).  The 

second step aims to verify that the design is reproduced during production by ensuring that the 

performance anticipated from the laboratory-designed mixtures is realized in the field through a 

QA program. If performance criteria are not met (one or more indices exceed predetermined 

thresholds), the mixture is deemed unbalanced, thus diminishing the full potential benefits of BMD 

implementation (Lynn et al., 2024).  
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Variations in asphalt mixture properties from the original design may arise during 

production and construction phases, because of the inherent variability in environmental 

conditions, plant operations, and natural materials (Lynn et al., 2024). Additionally, the designed 

JMF is subjected to verification and potential plant modifications to account for actual production 

and on-site circumstances, irrespective of mixture design (Brown et al., 2009). This process poses 

significant challenges when applying the BMD methodology, which deviates from conventional 

volumetric property specification, thereby introducing potential difficulties for contractors. 

Furthermore, replicating the scale of mixture production that occurs in a plant setting, following 

laboratory design protocols, can be an intricate endeavor (Brown et al., 2009). It is important to 

note that differences in asphalt mixture properties from the original design often trigger premature 

manifestations of pavement distress or can potentially result in outright structural failure (Lynn et 

al., 2024, Mohammad et al., 2016). To identify and assess the sources, causes, and degrees of 

variability in gradation, volumetric, and mechanical properties, NCHRP Project 09-48 (Report 

818) examined laboratory-mixed, laboratory-compacted specimens; plant-mixed, laboratory-

compacted specimens used in volumetric acceptance testing; and plant-mixed, field-compacted 

specimens employed during density acceptance testing and forensic evaluation of in-place 

pavement. The aim of these assessments was to identify the sources of variability and to evaluate 

the precision and bias associated with the volumetric and mechanical properties of dense-graded 

asphalt mixtures (Mohammad et al., 2016). Alternatively, the quality assessment can be done using 

reheated plant-mixed, laboratory-compacted specimens (reheated specimens), a practice observed 

in the VDOT independent assurance practice (Diefenderfer et al., 2023).  

In 2020, VTRC, VDOT, and Virginia Tech initiated collaborative research involving the 

design, placement, and laboratory and accelerated field testing of a control mixture and five BMD 

mixtures at the Virginia APT facility, owned by VDOT and situated at the VTTI. This initiative 

aimed, in part, to apply VDOT BMD special provisions to production under highly controlled 

condition, offering an opportunity to scrutinize the implications of these specifications on different 

facets, including design, production, quality control and assurance practices, and construction of 

HRAP SMs (Tong et al., 2023).  

In the current landscape, characterized by the exponential growth of data and the 

continuous advancement of iterative algorithms, the reemergence of machine learning (ML) 

approaches presents a promising avenue for enhancing the efficiency of analyzing data and 

identifying key factors. In the Virginia 2020 APT program, extensive fundamental performance 

tests on BMD samples in the field production were carried out, alongside analyses of the associated 

variability (Tong et al., 2024). Specimens fabricated for quality acceptance as part of the Virginia 

APT program were used for the ML modeling and analysis in this study. 

5.3. Objective and Scope 

The primary objective of this research was to develop ML models capable of predicting 

BMD performance indices based on mixture constituent and volumetric properties collected during 
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both the design and field production phases at the project level. Four machine learning 

algorithmsð linear regression (LR), random forest (RF), extreme gradient boosting (XGB), and 

support vector regression (SVR) ðwere employed to predict the performance of BMD mixtures. 

The performance of these different ML models was compared and analyzed. The secondary goal 

of this study was to use these developed ML models to assess the influence of constituent 

properties on the performance of BMD mixtures and to identify the dominant factors in BMD 

specimen preparation. This was particularly challenging for traditional approaches due to the 

complex interactions of multiple constituent properties on the performance indices of asphalt 

mixtures. Finally, this study proposed the incorporation of ML into the design phase of BMD. To 

further demonstrate the application of ML models in BMD implementation, a simulated BMD 

deployment was strategically designed. Through simultaneous optimization across three primary 

BMD tests, optimized or ML-enhanced candidates were selected. 

5.4. Background and Literature Review 

5.4.1. Production Variability  

The variability of different performance tests has been reported in many studies. Golalipour 

et al. (2021) evaluated the performance of reheated specimens as part of the 2013 Federal Highway 

Administrationôs (FHWAôs) Accelerated Loading Facility (ALF) study. This study determined 

coefficient of variance (COV) of six performance tests including: the Cantabro mass loss test, the 

ὔ  factor test, the overlay test, the I-FIT test, the IDT-CT test, and the cyclic fatigue test. The 

FI parameter from I-FIT presented the highest average COV (up to 34%) among all tests, while 

CT index achieved COV of 40% in Lane 7. Buttlar et al. (Buttlar et al., 2020) conducted cracking 

tests, including the Disk-Shaped Compact Tension Test (DCT), I-FIT test, and the IDEA-CT test, 

as part of the development of a local BMD method. Their findings indicated that while the average 

COV for DCT in field section evaluations was 19.5%, the I-FIT test showed a significantly higher 

average COV of 52.2%. In preparation for the full implementation of the BMD methodology, the 

VDOT initiated a round-robin study to assess testing repeatability across various laboratories. 

Forty-one laboratories, including those from the agencies, contractors, and independent testing 

facilities, participated in the initiative. Two distinct mix designs were utilized, with 46 sets of test 

specimens distributed for each design. Phase 1 of the study focused on evaluating IDEAL-CT test 

results from different labs, while Phase 2 commenced in 2021 (Habbouche et al., 2022). 

Additionally, currently accepted production tolerance of volumetric properties and gradation in 

Virginia can be found in (VDOT, 2020). Current VDOT specified COV value of 18.3% for the CT 

index for 5 replicates. 

Concerns about unbalanced performance in the resultant mixture, due to high variability in 

performance tests as reported in previous studies, have led researchers to dedicate efforts towards 

establishing tolerance limits for constituent properties during loose mixture sampling and 

specimen fabrication. However, recent research has found that a BMD mixture can still become 

unbalanced during production, even within specified tolerance limits. In the early stages of the 
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BMD concept, Austerman et al. (2018) modified asphalt binder content, gradation passing the 

No.200 sieve, and asphalt binder source in mixture to represent production variations. The study 

revealed that mixture performances, such as moisture susceptibility, may become unbalanced 

during production. They further noted that specific production factors can impact volumetric 

properties and the performance of mixtures developed using the BMD concept. Subsequently, 

Mogawer et al. (2023) indicated that some mixtures produced at the lower limit of the OBC 

production tolerance, with or without alterations in aggregate gradation production tolerances, 

exhibited heightened susceptibility to fatigue cracking. Furthermore, it concluded that the binder 

source that can change during production results in unbalanced BMD mixtures. Finally, it was 

recommended that a mixture's resistance to rutting be assessed at the upper production tolerance 

limit for OBC and for cracking at the following conditions: (1) the lower production tolerance limit 

for OBC; (2) the lower production tolerance limit for OBC in conjunction with the upper aggregate 

gradation production tolerance limits; and (3) the lower production tolerance limit for OBC 

combined with the lower aggregate gradation production tolerance limits. Recently, Bowers et al. 

(2023) conducted an evaluation of fourteen accepted mixture designs, adjusting their coarse and 

fine gradation along with binder content to specified tolerance limits. This study found mixtures 

exhibited excellent rutting performance but displayed susceptibility to durability and cracking 

issues as the gradation and binder content change. It further underscored the potential for initially 

balanced mixtures to become unbalanced due to production variability. In addition to replicating 

production variability in the laboratory, Tong et al. (2024b) showcased field production variability 

for one Superpave control mixture and five BMD mixtures, designed using BMD Approach D 

(performance only), incorporating both conventional and high RAP content. Their investigation 

unveiled the possibility of encountering unbalanced BMD mixtures. It is important to note that in 

BMD Approach D, tolerance limits for volumetric properties are exempted except for binder 

content.  

As a result, whether using BMD approaches with specified production tolerance or relying 

solely on performance-based BMD approach, concerns persist regarding the potential occurrence 

of unbalanced produced mixtures. Researchers may continue to propose refinements of BMD 

specifications, specifically, to determine an acceptable tolerance level (deviation from design) for 

gradation, asphalt content (AC), and volumetric properties, within which test values are still 

deemed to constitute a qualified or balanced mixture (Lynn et al., 2024). However, simulating 

production variability in the laboratory and evaluating modified mixtures is a highly complex 

process, imposing significant costs in terms of manpower and materials. Additionally, efforts are 

also underway to model how component materials or mixtures properties influence corresponding 

mixture performance, as emphasized in several VTRC reports (Diefenderfer et al., 2023, Bowers 

et al., 2023). Yet, in a practical project, identifying the critical factors is highly intricate, as simple 

linear relationships may not adequately interpret the specific causes of production variability. This 

complexity arises due to the multitude of variables involved in production, underscoring the 

importance of employing nonlinear regression analyses. 
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5.4.2. Machine Learning Approaches 

Some common ML approaches have been used in related prior studies (Rahman et al., 

2021). RF is a robust ensemble method that constructs multiple decision trees during the training 

phase. Each tree is developed using a randomly chosen subset of training data and features, 

enhancing model stability by mitigating overfitting and elevating prediction accuracy. Notably, 

RF effectively processes both categorical and continuous data and offers valuable insights into 

feature importance, aiding in the identification of critical predictors (Breiman., 2001). XGB, 

another tree-based model, refines gradient boosting techniques by incorporating features such as 

built-in regularization and dynamic stopping criteria to counteract overfitting (Chen and Guestrin, 

2016). SVR, an extension of support vector machines (Vapnik et al., 1996), is designed to predict 

values within a specified deviation for all training data, with a focus on minimizing the upper 

bound of generalization errors, thereby enhancing model robustness. SVR utilizes kernel functions 

to map input vectors into a higher-dimensional space, facilitating linear regression analysis and 

ensuring robust generalization performance across diverse datasets (Smola et al., 2004). The 

emergence of ML applications across a broad spectrum of industries exemplifies its wide-ranging 

utility. For example, in the context of asphalt concrete, Zeiada et al. (Zeiada et al., 2020) employed 

an artificial neural network (ANN) in conjunction with a forward sequential feature selection 

algorithm to identify the most influential design factors prevailing in warm climate regions using 

data sourced from the Long-Term Pavement Performance (LTPP) database. The efficacy of these 

applications can be attributed to the integration of feature importance, a main component of various 

ML techniques. Additionally, ML plays an increasingly vital role in predicting numerous essential 

parameters in asphalt concrete or asphalt pavement such as dynamic modulus (Daneshvar and 

Behnood, 2022), air void (Zavrtanik et al., 2016), rutting performance (Liu et al., 2022), fatigue 

performance (Ahmed et al., 2017), international roughness index (IRI) (Zhou et al., 2021), and 

CT-index (Nguyen et al., 2023). Rahman et al. (2021) explored the use of ML with large, diverse 

datasets to predict asphalt concrete metrics, such as IDT strength and HWTT test rut depth, 

marking a pivotal discussion on ML's integration into performance frameworks. They noted biases 

from trial batch samples and a significant data reduction due to missing values, decreasing datasets 

from 17,920 to 2,408 for HWT and 2,189 for IDT. Moreover, training ML models emphasized 

data quality over quantity, acknowledging that data variability often affects prediction accuracy, 

challenging the robustness and generalizability of models for BMD mixtures. Throughout the 

specimen preparation process, considerable variability can emerge from variations in technician 

handling, experimental conditions, and testing apparatus. This variability proves challenging to 

accurately incorporate as a quantifiable variable in the training of ML models. Therefore, 

conducting performance testing and data collection under rigorously controlled conditions may 

significantly mitigate the adverse effects on data quality resulting from disparate sources. Once a 

reliable ML model is developed, it can bridge the gap between the initial mix design and actual 

field performance by predicting the effects of mixture components and production variables on 

final product. Leveraging data fabricated from a highly controlled experiment schedule, ML 
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algorithms can offer valuable insights into potential performance outcomes before field 

implementation, allowing for proactive adjustments and maximizing the benefits of BMD 

implementation.  

5.5. Methodology 

5.5.1. Experiments 

A total of one control and five BMD 9.5mm dense-graded SMs were designed, produced, 

and sampled for evaluation in the 2020 Virginia APT program. The mixtures incorporated various 

combinations of three RAP contents, two binder PGs, one RA, and one WMA additive. The RAP 

content in the mixtures was determined based on the total weight of the resulting mixtures. A 100% 

recycled binder availability was assumed, and the design asphalt contents accounted for the 

contribution of asphalt binder from RAP materials. The six mixtures are defined in Table 3-1 of 

Chapter 3.  

5.5.2. BMD Testing 

Three BMD tests adopted in Virginia (shown in Figure 5-1) are: Cantabro test, IDT-CT, 

and APA test, which assess durability, cracking, and rutting, respectively. The CML was 

determined in accordance with AASHTO T 401 (AASHTO 2017) on three design specimens that 

were used to determine volumetric properties. The IDT-CT was conducted at a temperature of 

25°C in accordance with ASTM D8225-19 (ASTM 2019) on five replicate test specimens 

compacted at 7±0.5% air voids. The APA test was performed in accordance with AASHTO T 340 

(AASHTO 2017) at a temperature of 64ºC; four replicate test specimens were tested in an APA 

Junior machine. The APA specimens were compacted at 7±0.5% air voids. VDOT BMD test 

thresholds were indicated in the Introduction section.  

 

Figure 5-1. VDOT BMD Tests: (a) Cantabro Mass Loss Test; (b) IDT-CT; and (c) APA Rut 

Test. VDOT = Virginia Department of Transportation; BMD = balanced mix design; IDT-CT = 

indirect tensile cracking test; APA = asphalt pavement analyzer.  
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5.5.3. Production Sampling and Specimen Fabrication 

A total of 648 specimens fabricated for quality acceptance as part of the 2020 Virginia APT 

experiment were used in this study. In addition to testing performance during the design process, 

a comprehensive laboratory assessment focusing on durability, cracking resistance, and rutting 

performance was conducted on mixtures collected during production. The test specimens included 

laboratory-mixed laboratory-compacted specimens (design), plant-mixed laboratory-compacted 

specimens (non-reheats), and plant-mixed laboratory-compacted specimens fabricated after a 

reheating process (reheats). Designs were laboratory-produced and laboratory-compacted, 

fabricated for mixture design purposes, while the produced mixtures were sampled to monitor their 

quality and associated production variability. Sampling of the loose mixture was conducted four 

times daily during production. The production sampling plan for each mixture is delineated in 

Figure 5-2. Samples were sequentially labeled from 1st to 4th (A through D) for each mixture. The 

loose mixture samples collected during production for BMD testing underwent one of two 

procedures: they were either transported to the producer's laboratory and promptly compacted into 

test specimensðthese were referred to as plant specimens (non-reheats) - or they were placed in 

boxes, transported to VTRC, and stored in a climate-controlled area for the fabrication of reheated 

specimens at a later time (reheats) (Tong et al., 2024b).  

 
Figure 5-2. Experimental and Machine Learning (ML) Training Workflows.  Left block: 

production sampling and specimen preparation. Middle block: balanced mix design (BMD) tests. 

Right block: ML models used in predicting three primary BMD tests. IDT-CT = indirect tensile 

cracking test; APA = asphalt pavement analyzer; G = aggregate gradation sieve analysis; V = 

volumetric properties analysis. 

5.5.4. Modeling Approach 

In this study, several ML algorithms were used to predict outcomes of three BMD tests in 

terms of CML, CT index, and APA rut depth. The employed models included LR (the simplest 

ML model), RF, XGB, and SVR. Figure 5-2 illustrates the experimental and ML training 

workflows. The left block displays the experimental procedures (detailed in the Experiments 

section), the middle block represents the three BMD tests (detailed in the BMD testing section), 
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and the right block shows the ML algorithms used to predict those properties in BMD tests. The 

targets of ML prediction were the current VDOT adopted BMD mixture performance indices, 

which include CML, CT index, and APA rut depth. In developing the ML models, the dataset was 

randomly divided into training and testing sets in an 80:20 ratio. Feature normalization was applied 

to the training set, with the same scaling coefficients subsequently used on the testing set. 

Hyperparameter optimization for each ML model was conducted via exhaustive grid-search 

method. For the RF model, hyperparameter variations included the number of trees (100 to 2000), 

tree depth (10 to 30), and minimum samples per leaf node (1 to 4). The XGB model parameters 

ranged from the number of trees (100 to 2000), learning rate (0.0001 to 0.1), tree depth (3 to 9), 

and subsample ratios of training instances and columns (0.7, 0.8, or 1). The SVR model's 

hyperparameters were the regularization parameter (0.001 to 100), epsilon (0.001 to 1), and kernel 

type (polynomial, radial basis, or sigmoid). The settings in an ML model that produced the highest 

mean R² values from the test set were selected as the optimal hyperparameters. The Scikit-learn 

library was utilized for constructing the ML models. Finally, to assess the influence of constituent 

properties on the performance of BMD mixtures and to identify the dominant factors in BMD 

specimen preparation, permutation importance, a model-agnostic method (Breiman, 2001, Kim et 

al., 2021), was utilized to interpret feature importance across all used ML models. This approach 

evaluates a feature's contribution to a modelôs predictive power by measuring performance 

changes when the feature's values are randomly shuffled, disrupting the correlation with the target 

variable. The comparative analysis of model performance, with and without the shuffled feature, 

quantifies each feature's impact.   

The authors recognize that the data collected in this study was limited, but this method 

provided a highly controlled analysis environment and systematic data collection, reducing many 

avoidable issues such as data recording errors from different contractors or multiple laboratories. 

Predictions in a small dataset also demonstrate the effectiveness of ML and set an example for 

project-level analysis. Additionally, the approach and findings from this study can be adapted to 

accommodate other indices for mixture performance as different transportation agencies 

implement various BMD performance tests. 

5.5.5. Training Features, Data Processing, and Evaluation Metrics 

The input data collected for both designed and plant produced specimens contained 26 

attributor/features, including categorical variables, volumetric properties, gradation parameters, 

and mechanical property. Categorical variables include design methods (encoded as 0 for 

conventional Superpave and 1 for BMD) and specimen types (encoded as 0 for design, 1 for non-

reheats, and 2 for reheats). Volumetric properties consist of asphalt binder content, theoretical 

maximum and bulk specific gravities (Gmm and Gmb), VTM, voids in mineral aggregate (VMA), 

voids filled with asphalt (VFA), bulk and effective aggregate specific gravities (Gsb and Gse), fine 

aggregate to asphalt ratio (FA), percent binder absorbed (Pba), effective binder content (Pbe), 

effective asphalt film thickness (Fbe), and RAP content (100% blending ratio is assumed). 
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Gradation parameters are documented as the percentage passing through various sieve sizes: 

12.5mm, 9.5mm, 4.75mm, 2.36mm, 1.18mm, 600µm, 300µm, 150µm, 75µm. The dynamic shear 

modulus (G*) at 64°C (high performance grade temperature), obtained from binder extracted and 

recovered from loose mixtures of field production sampling, was used as a mechanical property in 

this study. These features incorporated in the modeling for design and non-reheated specimens 

were recorded by VTRC, while those for non-reheated specimens were documented by the VDOT 

district office. To address the challenges posed by limited data and remedy overfitting, Pearson 

correlation coefficients were calculated between each pair of features to determine the selection of 

eventual training features in ML models. This process, coupled with 5-fold cross-validation during 

training, ensures robust model performance, with further details provided in the Results section. 

The datasets for each performance test comprised a different number of specimens: 162 for 

CML, 270 for IDT-CT, and 216 for APA RD tests. The APA tests were performed following 

AASHTO T-340 standard but only the average RD from two specimens on both left and right were 

reported, reducing the APA RD dataset to 108. Regarding missing data, the IDT-CT test had 3 

missing entries, which were removed, while the APA test had two, which were filled using the 

median value of the corresponding RD. This approach to handling missing was empirically 

determined, considering the varying sizes of the dataset. Table 5-1 summarizes the details of each 

dataset.  

Table 5-1. Data Sets/Specimens Used in ML for Three Balanced Mix Design Tests  
Data sets CML IDT-CT APA RD test 

Data sets/Specimens fabricated 162/162 270/270 108/216 

Missing data sets 0 3 2 

Pre-reserved data for pseudo in-site 

deployment 

10 10 10 

Data sets in an ML model 152 257 98 

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

depth.  

 To evaluate model performance, two metrics½ the coefficient of determination (R2) 

(Equation 5-1) and the accuracy in terms of mean absolute percent error (MAPE) (Equation 5-2) 

½ were used,  

 

Ὑ ρ
В ײ

В ײ
                     Equation 5-1 

 

Accuracy = 1 - MAPE ρ  В ײ
ȿ ȿ

              Equation 5-2 

where ώ is the target values, ώ is the average of target values, ώ is the predicted value, 

and N is the number of data sets.  
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5.5.6.  Simulating the BMD Deployment 

 Given the limited availability of materials for sampling during production and cost 

considerations, a pseudo in-situ deployment method is designed in this study to mimic real-world 

deployment scenarios for these ML models. For each dataset, 10 random specimens meeting 

specific criteria (CML < 7.5%, CT index > 70, APA < 8 mm) are pre-reserved and excluded from 

model development. Designing specimens in the laboratory that simultaneously satisfy these three 

primary criteria poses significant experimental challenges. This is because feature selection is 

highly empirical, and therefore the layered selection process based on various performance tests 

of interest often results in extensive repetitive work. Here, the aim of the ML pseudo in-situ 

deployment is to generate samples exhibiting all three balanced performances directly. ML models 

are trained with the remaining data (refer to Table 5-1) to predict each of these properties 

accurately (one ML model for one performance prediction). Once trained, samples are randomly 

generated based on the mean and standard deviation of current dataset's distribution to ensure they 

can be created in-situ, and their BMD performances are predicted by the corresponding ML 

models. Each models' confidence is assessed using the corresponding 10 pre-reserved specimens. 

For instance, if an ML model predicts that 9 out of 10 pre-reserved CML samples have values less 

than 7.5%, the confidence level of this model is determined to be 90%. By establishing different 

thresholds for each predicted performance metric, it is possible to selectively identify samples that 

meet desired properties and confidence levels. Note that the confidence levels from the 10 pre-

reserved specimens measure model precision against specific property thresholds, differing from 

the test set accuracy in training an ML model, which assesses overall predictive effectiveness 

across diverse data.  

5.6. Results and Discussion 

5.6.1 Feature Selection 

Pearson correlation coefficients (r) (ranging from -1 to 1 to indicate perfect negative and 

positive correlations respectively) were used for feature selection in this work. To mitigate 

multicollinearity, only features with an absolute r value less than 0.8 were chosen, resulting in 10 

selected features. These include 2 categorical variables: "Design" and "Type", 4 constituent 

volumetric properties: AC, VTM, Gse, and the RAP content, 3 gradation parameters: sieve sizes of 

75 µm, 600 µm and 2.36 mm, and 1 mechanical property: log |G*|. The log |G*| was measured at 

64°C and 10 radians per second (rad/s) to account for binder viscosity suggested by Kim et al. 

(2021) and NCHRP Report 871. The phase angle was excluded from the analysis for two key 

reasons. First, the phase angle ŭ exhibits a stronger linear relationship with G*, which could 

introduce collinearity in the feature selection process for ML models. Second, the objective was 

to select a single predictive parameter, rather than a combined one such as log|G*|/sinŭ. Therefore, 

the feature selection rules applied in this work present a blend of both machine learning principles 

and domain knowledge. Figure 5-3, taking CT index as an instance, presents a correlation matrix 

for these features, with the lower triangle displaying linear regression plots and the upper triangle 
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showing r values between features. The diagonal plots represent the distribution of each feature or 

the target property (the top left). Notably, a relatively high positive correlation (0.66) between the 

CT index and AC, and a negative correlation (-0.73) between the CT index and log|G*| were 

observed. These findings align with expectations that cracking resistance increases with higher AC 

content, while increased binder stiffness due to aging negatively impacts cracking resistance 

(Fisher et al., 2018). While both AC and log|G*| show relatively higher correlations with CT index 

compared to other features, it is evident that they do not sufficiently capture the full complexity of 

CT index predictions. This highlights the necessity of employing machine learning algorithms to 

uncover the nonlinear interactions among the mixture properties and to enhance prediction 

accuracy. 

 

Figure 5-3. Correlation Matrix Derived from Pearson Correlation Coefficients (r) for Selected 

Features Associated with the IDT-CT Index. The lower triangle displays linear regression plots, 

while the upper triangle shows r values between features. The diagonal plots illustrate the 

distribution of each feature or the target property (top left). 

5.6.2 Prediction Performance of ML  Models 

Figure 5-4, Figure 5-5, and Figure 5-6 display the predictive performance of the ML 

models for the CML, CT index, and APA RD parameters, respectively. After optimization of 
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hyperparameters, the R2 (Equation 5-1) and accuracy (Equation 5-2) values are presented for each 

model. Specifically, Figure 5-4 illustrates the performance for CML predictions with R2 values of 

0.86 (LR), 0.92 (RF), 0.94 (XGB), and 0.91 (SVR) and accuracy values of 0.88, 0.92, 0.92, and 

0.90, respectively. Figure 5-5 details the CT index predictions with R2 values of 0.63 (LR), 0.88 

(RF), 0.92 (XGB), and 0.88 (SVR) and accuracy values of 0.47, 0.83, 0.81, and 0.77, respectively. 

Figure 5-6 shows the APA RD predictions with R2 values of -0.03 (LR), 0.42 (RF), 0.56 (XGB), 

and 0.53 (SVR) and accuracy values of 0.69, 0.76, 0.79, and 0.77, respectively. The LR model 

consistently underperforms compared to the other ML models, which demonstrate stronger 

predictive abilities. Models like XGB consistently delivered outstanding R2 and accuracy values 

for the CML and IDT-CT index, demonstrating their precision in predicting these two BMD 

performances. For the APA RD predictions, the low R2 values indicate that the models do not 

closely follow the trends in the limited dataset (98 data points). However, the relatively high 

accuracy scores suggest that the models effectively categorize most outcomes correctly.  

Given the limited data available for each test, the division of data into training and testing 

sets can significantly affect the performance of the ML models. To evaluate the consistency of 

these models, a robustness check was conducted by randomly sampling the dataset using different 

seeds and training the models with the same optimized hyperparameters previously identified (i.e., 

from Figure 5-4, Figure 5-5, and Figure 5-6). This procedure was repeated 30 times to assess 

performance variability. Figure 5-7 illustrates the ML model capability (R² and accuracy) for BMD 

performance metrics prediction, and Table 5-2 summarizes the mean and standard deviation for 

each BMD performance metric. The LR model consistently underperforms relative to the other 

models, independently from data sampling. For CML and IDT-CT predictions, the models 

demonstrate stable prediction capability, as evidenced by the small standard deviation in R² (less 

than 0.2) and accuracy (less than 0.08). However, the APA RD predictions show significant 

fluctuations in R² values due to the limited dataset, though the accuracy fluctuation remains 

minimal, indicating that the models can reasonably categorize broader outcomes of the APA RD 

test.  
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Figure 5-4. Prediction vs. Actual Cantabro mass loss (CML) using (a) LR, (b) RF, (c) XGB, and 

(d) SVR.  

 
Figure 5-5. Prediction vs. Actual CT index using (a) LR, (b) RF, (c) XGB, and (d) SVR. 

 

(a) (b)

(c) (d)

(a) (b)

(c) (d)
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Figure 5-6. Prediction vs. Actual APA rut depth using (a) LR, (b) RF, (c) XGB, and (d) SVR. 

 
Figure 5-7. Variability in ML model performances (R2 and accuracy) derived from 30 times 

random data splitting with different shuffle seeds. 

Table 5-2. Mean and standard deviation in Ὑ  and accuracy from three BMD tests in Figure 5-7. 

Model 
Mean Ὑ  ± Std. Mean accuracy ± Std. 

CML IDT APA CML IDT APA 

LR 0.79 ° 0.06 0.56 ± 0.20 0.35 ± 0.52 0.85 ° 0.03 0.45 ± 0.08 0.73 ± 0.05 

RF 0.84 ° 0.11 0.91 ± 0.04 0.51 ± 0.58 0.88 ° 0.03 0.83 ± 0.02 0.76 ± 0.05 

XGB 0.86 ° 0.06 0.92 ± 0.03 0.54 ± 0.53 0.88 ° 0.02 0.81 ± 0.02 0.76 ± 0.05 

SVR 0.86 ° 0.08 0.84 ± 0.06 0.57 ± 0.52 0.89 ° 0.02 0.76 ± 0.04 0.76 ± 0.04 

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

depth.  

(a) (b)

(c) (d)

CML

IDT-CT

APA
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5.6.3 Feature Importance Analysis            

Understanding the key factors influencing BMD tests allows engineers not only to focus 

on critical variables during the design phase but also to make proactive adjustments during the 

production phase. For this analysis, the models that demonstrated the highest accuracy across 30 

instances of data sampling (Figure 5-7) were selected: XGB for CML (accuracy=0.93), RF for 

IDT-CT index (accuracy = 0.87), and RF for APA RD (accuracy = 0.83).  

As shown in Figure 5-8, the feature importance analysis reveals distinct dominant factors 

influencing each BMD performance. For CML (Figure 5-8a), the key features include Type, 75 

µm sieve size, AC and VTM. For IDT-CT index (Figure 5-8b), the primary features are AC, Type, 

75 µm sieve size. For APA (Figure 5-8c), the dominant features are AC, log|G*| and VTM. Notably, 

the Type (type of specimens: design, non-reheats, and reheats) emerges as a significant feature for 

predicting both CML and IDT-CT index, suggesting the durability and cracking resistance may 

significantly vary by specimen type and be impacted by reheating effect. This observation is 

consistent with our previous studies emphasizing the impact of reheating on BMD performances 

(Tong et al., 2024b). Furthermore, models on both the IDT-CT index and APA identified AC as a 

dominant factor, similarly highlighted in the previous study (Mogawer et al., 2023). The finding 

suggests that stricter control of asphalt binder content may be used as a proactive adjustment to 

reduce performance variability in mixture performances during plant production. The log|G*| 

parameter, highlighted in (Kim et al., 2023) for reflecting binder viscosityðincluding 

contributions from virgin binder, RAP binder, and effects of agingðwas also recognized by the 

ML models as a significant feature for the CT index and APA RD. This recognition further 

confirms the model's explanatory capability. Although it has been found that most gradation 

parameters do not significantly affect the performance of produced mixtures due to strict gradation 

controls at the plant (Tong et al., 2024b), Austerman et al. (2018) have suggested that greater 

attention should be paid to the percentage passing through the 75 µm sieve size during the 

production phase. Notably, 75 µm sieve size was identified as non-negligible in CML and CT 

index predictions, whereas the 600 µm and 2.36 mm sieve size showed limited impact on the 

model. These findings underscore the exceptional capability of the ML models to identify critical 

factors that align closely with prior observations and studies. Moreover, the VTM feature displays 

notable influences on both CML and APA RD predictions. While the impact of VTM deviation 

on CML tests has been reported in (Tong et al., 2024b), its effect on APA RD tests may require 

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

Design methods (i.e., Superpave or BMD) and RAP content are commonly emphasized. 

However, feature importance analysis reveals that neither the design method nor RAP content 

significantly impacts prediction performance. This is likely due to the use of BMD with a soft 

binder, with or without a recycling agent, which effectively compensates for variations in RAP 

content within the mixture (Tong et al., 2024a, Yin and West, 2021). Furthermore, the selection of 

other constituent properties in this study may effectively captures the differences introduced by 
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BMD and Superpave design methods, clarifying the potential performance variations between 

HRAP mixtures and conventional RAP mixtures. 

 
Figure 5-8. Feature importance from the permutation importance method for: (a) CML from 

XGB, (b) IDT-CT index from RF, and (c) APA RD from RF model. 

5.6.4 Pseudo In-situ Deployment 

With the ML models demonstrating satisfactory predictive performance on BMD test 

properties, pseudo in-situ deployment was initiated to generate samples exhibiting balanced three 

primary BMD performances (i.e. CML < 7.5%, CT index > 70, APA < 8 mm). Figure 5-9 

illustrates the schematic of this deployment process. Initially, 1000 synthetic samples were 

generated based on the mean and standard deviation of each feature from the original data pool, 

consisting of 618 data points excluding the 30 pre-reserved for testing. These samples were first 

subjected to filter-I, using the XGB model for CML prediction, to retain samples with CML values 

below 7.5%. Meanwhile, the CML values of 10 pre-reserved data were predicted to assess the 

confidence level of filter-I. This approach was similarly applied in filter-II and filter-III for IDT -

CT and APA models, with thresholds set at IDT-CT > 70 and APA RD < 8 mm, respectively. 

Samples passing all three filters were deemed balanced mixtures. In this evaluation, 812 samples 

passed filter-I, of which 811 proceeded past filter-II, and 771 passed filter-III. The confidence level 

for all filters reached 100%, indicating accurate predictions for all pre-reserved data.  

It is commonly understood that simultaneously enhancing multiple primary BMD 

performances in mixture design is challenging. However, unlike earlier versions, contemporary 

asphalt materials are characterized by the widespread use of the extensive application of RAP and 

additives. This evolution complicates their performance and may challenge conventional wisdom 

(Error! Reference source not found.). The utilization of ML models holds great potential to p

rovide an enhanced solution for the three primary performance metrics. In this case, filter-IV 

applied stricter thresholds (CML < 5.8%, CT index > 200, and APA RD < 6 mm) to identify 

samples with enhanced mixture performances, narrowing the field to 60 candidates from the 771 

remaining after filter-III. The stricter thresholds are based on the relationship between non-

reheated and reheated specimens determined by previous study (Tong et al., 2024b). Additionally, 

practical requirements for VTM content (7.0±0.5) in IDT and APA specimens led to the 

implementation of filter-V. After all five filters, only 19 out of the initial 1000 samples met the 

stringent criteria. This pseudo in-situ deployment demonstrates the effectiveness of using ML 
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models to address the challenges of enhancing mixture properties, allowing for flexible adjustment 

of criteria in each filter to efficiently tailor the mixture design for specific practical applications. 

 
Figure 5-9. The schematic of pseudo in-situ deployment flowchart.  

Experimentally designing a mixture that simultaneously enhances key propertiesðsuch as 

reducing CML and APA RD values while increasing the CT indexðpresents significant 

challenges due to the extensive feature space (10 features in this work). To understand this 

complexity, uniform manifold approximation and projection (UMAP) (McInnes et al., 2018) was 

employed to reduce the feature space into two dimensions for visualization and to compare the 

distribution of qualified samples from filter-IV (60 data points) against the original datasets. For 

each performance metric, such as CML, data were divided into two groups: those with CML values 

below 5.8 and those with higher values. This categorization was similarly applied to the CT and 

APA datasets. Note that the samples from filter-IV, which have all three primary performances 

enhanced, were plotted alongside the original datasets, where each dataset represents only one 

BMD performance. Figure 5-10 displays these distributions, with qualified samples marked by 

purple stars and the original datasetôs qualified data points represented by red dots in Figure 5-10a, 

Figure 5-10b, and Figure 5-10c for CML, CT index, and APA RD test, respectively. The 

visualization revealed that samples meeting all enhanced criteria rarely overlapped with the 

distributions of the original datasets. This highlights the challenges engineers face in achieving all 

desired enhancements experimentally, as the target distribution with all enhanced performances is 

scarce within the broad feature space, making exhaustive searches in experiments typically 

impractical. 
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Figure 5-10. Uniform Manifold Approximation and Projection (UMAP) reduces the feature 

space to two dimensions for (a) CML, (b) CT index, and (c) APA RD datasets. The number of 

neighbors used in UMAP is 10, and it is asserted that the choice of hyperparameters has a 

negligible impact on the conclusions drawn. 

5.6.5. Discussion 

This section summarizes the potential applications of ML models within the BMD 

framework during the design and production phases, thereby showcasing the enhancements 

brought by ML models. Figure 5-11 illustrates the current BMD framework, using BMD approach 

D as an example. A pivotal loop in the BMD design phase involves the selection of feature 

combinations based on required performance tests. Each loop is not only subject to variability from 

specimen fabrication, testing, and device, but may also become cumbersome due to the need to 

restart the selection process if the results of a performance test fail to meet the specified BMD 

thresholds. With the assistance of developed ML models, this cumbersome design loop can 

potentially be bypassed, significantly enhancing design efficiency. Additionally, concerns about 

unbalanced cases resulting from mixture production can be addressed through project-level ML 

models, which identify dominant factors contributing to production variance. It is suggested that 

more stringent control of the constituent properties could reduce performance variability in 

produced mixtures. Furthermore, if ML models can be trained with more data in a highly controlled 

environment and further validation of models' predictions can be achieved, it is highly promising 

that the QA program in BMD implementation will soon significantly reduce the reliance on 

sampling mixtures for BMD performance tests during production, opting instead to predict 

performance based solely on component properties. Finally, this study establishes a framework for 

the application of ML in BMD and verifies its feasibility at the project level. State DOT agencies 

can reference the data collection methods presented in this study to build a comprehensive database, 

facilitating the development of reliable ML models that incorporate a wider variety of material 

sources, such as binder types, aggregate resources, and additives. 
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Figure 5-11. Explore the Use of ML Models to Support the Implementation of BMD. 

5.7. Conclusion 

This study leverages ML algorithms to help address some of the challenges prevalent in 

the existing BMD framework, thereby enhancing its implementation during both the design and 

production phases. Four prominent ML algorithms were employed to predict three primary 

performance metrics of BMD mixtures, namely, CML, CT index and APA RD. Hyperparameters 

for each ML model were optimized using an exhaustive grid search method with sufficient 

parameter spaces. Among the models, RF, XGB, and SVR exhibited superior performance 

compared to LR, effectively capturing the complex interactions within the mixture properties. The 

robustness of the ML models was evaluated and validated through 30 independent training/testing 

dataset splits in a random manner. ML models reliably delivered accurate predictions across all 

BMD tests, corroborated by the identification of significant influencing factors such as Type of 

specimens, AC, log|G*|, 75 µm sieve size passing percentage, and VTM. The impact of the 

reheating process on mixturesô durability and cracking performance was also identified, supported 

by previous studies. The study also recommended stricter control of identified features to minimize 

performance variability in mixtures. However, the models faced challenges in achieving stable R² 

values in the APA RD test, likely due to limited data availability and the use of average values 

from APA specimens. 

To demonstrate the practical application of the developed ML models in BMD mixture 

design, a pseudo in-situ deployment (Figure 5-9) was strategically implemented to filter and select 

60 out of 1,000 synthetic samples with optimal BMD performances through simultaneous 

optimization of three BMD performance metrics. By simply adjusting the filters in the pseudo in-

situ deployment, one can effortlessly fine-tune the desired BMD performances. Dimensionality 

reduction via the UMAP method visualized minimal overlap in the distributions of these 60 
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candidates compared to the original datasets, underscoring the complexities of managing large 

feature spaces and improving multiple BMD performances simultaneously in experimental 

settings. Current study establishes a framework for implementing ML in BMD applications and 

demonstrates its feasibility at the project level. State DOT agencies can utilize the data collection 

methodologies outlined in this research to construct a comprehensive database. This database will 

support the development of robust ML models, incorporating a broader range of material sources 

such as binder types, aggregate resources, and additives. 

5.8. Reference 

Golalipour, A., Veginati, V., & Mensching, D. J. (2021). Evaluation of Asphalt Mixture 

Performance Using Cracking and Durability Tests at a Full-Scale Pavement 

Facility. Transportation Research Record, 2675(11), 226-236. 

National Center for Asphalt Technology and National Asphalt Pavement Association. (2023). 

Online resource: Balanced Mix Design Resource Guide. 

https://www.asphaltpavement.org/expertise/ engineering/resources/bmd-resource-guide. 

Accessed January 24, 2023. 

American Association of State Highway and Transportation Officials (AASHTO). (2021). 

Standard Specifications for Transportation Materials and Methods of Sampling and 

Testing. AASHTO, Washington, D.C., 2021. 

Tong, B., Habbouche, J., Diefenderfer, S. D., & Flintsch, G. W. (2024a). Multi-Level 

Performance Evaluation of BMD Surface Mixtures with Conventional and High RAP 

Contents: A Case Study in Virginia. International Journal of Pavement 

Engineering, 25(1), 2325609. 

West, R., Rodezno, C., Leiva, F., & Yin, F. (2018). Development of a Framework for Balanced 

Mix Design. Project NCHRP, 20-07. 

Yin, F., & West, R. C. (2021). Balanced Mix Design Resource Guide (No. IS-143). 

Mogawer, W. S., Austerman, A. J., Stuart, K. D., Abdalfattah, I. A., & Zhou, F. (2023). 

Comprehensive Balanced Mixture Design Protocol: Design Phase through Production 

Quality Assurance. Transportation Research Record, 03611981231186422. 

Bowers, B. F., Diefenderfer, S. D., Moore, N., & Lynn, T. (2022). Balanced Mix Design and 

Benchmarking: A Case Study in Establishing Performance Test 

Thresholds. Transportation Research Record, 2676(12), 586-598. 

Habbouche, J., Boz, I., & Diefenderfer, S. D. (2022). Validation of Performance-Based 

Specifications for Surface Asphalt Mixtures in Virginia. Transportation Research 

Record, 2676(5), 277-296. 

Lynn Wright, T. Y., Bowers, B. F., Diefenderfer, S. D., & Boz, I. (2024). Evaluation of the 

Influence of Production Tolerance Limits on Virginia Balanced Mixtures. Transportation 

Research Record, 03611981231222248. 

Brown, E. R., Kandhal, P. S., Roberts, F. L., Kim, Y. R., Lee, D. Y., & Kennedy, T. W. 

(2009). Hot Mix Asphalt Materials, Mixture Design, And Construction. NAPA Research 

and Education Foundation. 



106 

 

Mohammad, L. N., Elseifi, M. A., Cooper III, S. B., Hughes, C. S., Button, J. W., & Dukatz Jr, 

E. L. (2016). Comparing the Volumetric and Mechanical Properties of Laboratory and 

Field Specimens of Asphalt Concrete (No. Project 09-48). Transportation Research 

Board. 

Diefenderfer, S. D., Habbouche, J., & Boz, I. (2023). Balanced Mix Design for Surface 

Mixtures: 2020 Field Trials (No. FHWA/VTRC 23-R13). Virginia Transportation 

Research Council, Charlottesville. 

Tong, B., Habbouche, J., Flintsch, G. W., & Diefenderfer, B. K. (2023). Rutting Performance 

Evaluation of BMD Surface Mixtures with Conventional and High RAP Contents under 

Full-Scale Accelerated Testing. Materials, 16(24), 7611. 

Tong, B., Habbouche, J., Diefenderfer, S. D., & Flintsch, G.W. (2024b). Assessment of 

Production Variability and Composite Performance Index for Conventional and High 

RAP BMD Mixtures, Transportation Research Record, 2024 (in-production). 

Buttlar, W. G., Urra-Contreras, L., Jahangiri, B., Rath, P., & Majidifard, H. (2020). Support for 

Balanced Asphalt Mixture Design Specification Development in Missouri. Missouri 

Department of Transportation, 4(September), 103. 

Habbouche, J., Boz, I., & Diefenderfer, S. D. (2022). Interlaboratory Study for the Indirect 

Tensile Cracking Test at Intermediate Temperature: Phase II (No. FHWA/VTRC 23-R3). 

Virginia Transportation Research Council, Charlottesville. 

VDOT. (2020). Road and Bridge Specification. Virginia Department of Transportation. 

Austerman, A. J., Mogawer, W. S., & Stuart, K. D. (2018). Influence of Production 

Considerations on Balanced Mixture Designs. Transportation Research 

Record, 2672(28), 426-437. 

Bowers, B. F., Lynn, T., Yin, F., Moore, N., Diefenderfer, S. D., & Boz, I. (2023). Impact of 

Production Variability on Balanced Mix Designs in Virginia (No. FHWA/VTRC 23-

R20). Virginia Transportation Research Council, Charlottesville 

Rahman, S., Bhasin, A., & Smit, A. (2021). Exploring the Use of Machine Learning to Predict 

Metrics Related to Asphalt Mixture Performance. Construction and Building 

Materials, 295, 123585. 

Breiman, L. (2001). Random Forests. Machine Learning, 45, 5-32. 

Chen, T., & Guestrin, C. (2016). Xgboost: A Scalable Tree Boosting System. In Proceedings of 

the 22nd acm sigkdd international conference on knowledge discovery and data 

mining (pp. 785-794). 

Vapnik, V., Golowich, S., & Smola, A. (1996). Support Vector Method for Function 

Approximation, Regression Estimation and Signal Processing. Advances in neural 

information processing systems, 9. 

Smola, A. J., & Schölkopf, B. (2004). A Tutorial on Support Vector Regression. Statistics and 

computing, 14, 199-222. 

Zeiada, W., Dabous, S. A., Hamad, K., Al-Ruzouq, R., & Khalil, M. A. (2020). Machine 

Learning for Pavement Performance Modelling in Warm Climate Regions. Arabian 



107 

 

Journal for Science and Engineering, 45(5), 4091-4109. 

Daneshvar, D., & Behnood, A. (2022). Estimation of the Dynamic Modulus of Asphalt 

Concretes Using Random Forests Algorithm. International Journal of Pavement 

Engineering, 23(2), 250-260. 

Zavrtanik, N., Prosen, J., Tuġar, M., & Turk, G. (2016). The Use of Artificial Neural Networks 

for Modeling Air Void Content in Aggregate Mixture. Automation in Construction, 63, 

155-161. 

Liu, J., Liu, F., Zheng, C., Zhou, D., & Wang, L. (2022). Optimizing Asphalt Mix Design 

Through Predicting the Rut Depth of Asphalt Pavement Using Machine 

Learning. Construction and Building Materials, 356, 129211. 

Ahmed, T. M., Green, P. L., & Khalid, H. A. (2017). Predicting Fatigue Performance of Hot Mix 

Asphalt Using Artificial Neural Networks. Road Materials and Pavement 

Design, 18(sup2), 141-154. 

Zhou, Q., Okte, E., & Al-Qadi, I. L. (2021). Predicting Pavement Roughness Using Deep 

Learning Algorithms. Transportation Research Record, 2675(11), 1062-1072. 

Nguyen, L. N., Le, T. H., Nguyen, L. Q., & Tran, V. Q. (2023). Machine Learning Approaches 

for Predicting Cracking Tolerance Index (Ctindex) of Asphalt Concrete Containing 

Reclaimed Asphalt Pavement. Plos One, 18(10), e0287255. 

American Association of State Highway and Transportation Officials. (2017). Standard 

Specifications for Transportation Materials and Methods of Sampling and Testing, and 

AASHTO Provisional Standards. Washington, DC.   

ASTM International. (2019). ASTM D 8225-19: Standard Test Method for Determination of 

Cracking Tolerance Index of Asphalt Mixture Using the Indirect Tensile Cracking Test at 

Intermediate Temperature. West Conshohocken, PA. 

Kim, Y. R., Castorena, C., Saleh, N. F., Braswell, E., Elwardany, M., & Rad, F. Y. (2021). Long-

Term Aging of Asphalt Mixtures for Performance Testing and Prediction: Phase III 

results (No. Project 09-54). 

Fisher, A., Rudin, C., & Dominici, F. (2019). All Models Are Wrong, But Many Are Useful: 

Learning a Variable's Importance by Studying an Entire Class of Prediction Models 

Simultaneously. Journal of Machine Learning Research, 20(177), 1-81. 

McInnes, L., Healy, J., & Melville, J. (2018). Umap: Uniform Manifold Approximation and 

Projection for Dimension Reduction. arXiv preprint arXiv:1802.03426. 

 

 

 

 

 

 

 

 

 

 



108 

 

 

 

CHAPTER 6 - Rutting Performance Evaluation of BMD Surface 

Mixtures with Conventional and High RAP Contents 

Under Full-Scale Accelerated Testing6 

6.1. Abstract 

Rutting is one of the major distresses that adversely affects the performance and service 

life of flexible pavement structures. Understanding the extent to which the rutting resistance of 

pavement mixtures can be compromised and finding methods to optimize their performance 

requires thorough investigation. BMD constitutes a significant step forward in the pursuit of better-

performing asphalt mixtures. This framework / approach provides an opportunity to properly 

design and produce engineered asphalt mixtures. The primary objective of this paper is to conduct 

a comprehensive investigation of the permanent deformation (rutting) behavior of surface mixtures 

with conventional and HRAP contents through full-scale accelerated testing under incremental 

loading conditions, while accounting for the environmental aging effect. Results showed that all 

BMD HRAP mixtures exhibited higher rut depths compared to the control mixture, which can be 

attributed to the inclusion of a high binder content aimed at enhancing cracking resistance. The 

APA rut test and the stress sweep rutting tests were performed on asphalt mixtures sampled during 

production. Correlation analysis revealed significant and strong positive correlations between APT 

testing and the multilevel laboratory rutting performance tests considered in this study. Finally, 

while acknowledging the limitations and all the assumptions considered in this study, the 

correlation analysis recommended refining the BMD APA rut depth threshold by lowering the 

current limit of 8 mm to 7 mm to ensure good performing mixtures from rutting point of view.     

 

Keywords: high RAP, asphalt concrete, balanced mix design, rutting performance, aging, 

accelerated pavement testing, heavy vehicle simulator, correlations, specifications, thresholds.  

 

 

 

 

 

 

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

Diefenderfer, B. K. (2023). Rutting performance evaluation of BMD surface mixtures with conventional and high 

RAP contents under full-scale accelerated testing. Materials, 16(24), 7611. Contribution: Conceptualization: Lead; 

Methodology: Lead; Resources: Equal; Data Processing and Analysis: Lead; Visualization: Lead; Writing  original 

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

Distresses in flexible pavements refer to various types of damage or deterioration that can 

occur over time due to traffic loads, environmental factors, and material deficiencies. These 

distresses can significantly impact the structural integrity and serviceability of the road surface. 

Rutting stands as a significant distress that adversely affects the durability and service life of 

flexible pavement structures. This form of deterioration not only diminishes user comfort and 

compromises safety but also leads to escalated operational expenses for highway maintenance and 

rehabilitation. Understanding the extent to which the rutting resistance of pavement mixtures can 

be optimized requires thorough investigation. Given agencies' concerns about the long-term 

performance of pavements, research on rutting investigation has become an essential and 

indispensable area of study. Addressing this issue will contribute to the development of more 

robust and longer-lasting flexible pavements, benefiting both road users and maintenance 

authorities. 

6.2.1. Rutting Performance Evaluation 

Laboratory performance tests play a crucial role in the BMD process as they ensure the 

production of high-performing materials. Over the past few decades, several testing methods and 

analysis protocols have been proposed and adopted in the laboratory to characterize the rutting 

resistance of asphalt mixtures. These performance tests include the APA (Choubane et al. 2000), 

Hamburg wheel tracking (Yin et al., 2020), French simulator (Mota et al., 2021), and uniaxial 

repeated load test to determine the Flow Number (Faccin et al., 2021). However, these procedures 

typically employ pass-fail criteria based on fixed testing conditions, which limits their ability to 

capture the complex nature of permanent deformation under varying field conditions. For instance, 

as part of VDOT BMD specifications, the APA rut test is conducted at 64°C, with a threshold of 

a maximum rut depth of 8.0 mm after 8000 loading cycles. To address this limitation and achieve 

a more comprehensive characterization of resistance to permanent deformation, two testing 

protocols have emerged in recent years: the TSS and the SSR tests. The TSS test offers advantages 

over existing models by considering the influence of temperature, loading time, and deviatoric 

stress on permanent deformation behavior (Kim and Kim, 2017). Additionally, the SSR test has 

been introduced to further simplify the TSS test, aiming to reduce its complexity and cost while 

maintaining its effectiveness in evaluating the resistance to permanent deformation (Kim and Kim, 

2017). Furthermore, Meroni et al. proposed a classification of rutting performance tests into three 

levels - basic, intermediate, and advanced - based on various factors including complexity, cost, 

time, and training requirements (Meroni et al., 2021). This classification offers flexibility in 

selecting the appropriate level of testing depending on the specific objectives and constraints of a 

given research or engineering project.  
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6.2.2. Background on Virginia APT  

In the U.S., Virginia is among the states that have implemented the use of APT facilities 

for pavement evaluation purposes. In 2015, a collaborative experiment between the VTRC, 

VDOT, and Virginia Tech was initiated and executed at the Virginia APT facility located at the 

VTTI. The experiment encompassed three major studies, including the investigation of the impact 

of different overlays on CCPR material (Xue et al., 2017; Xue et al., 2020; Flintsch et al., 2020), 

the assessment of field performance of two distinct dense-graded SMs designed with varying 

design gyration levels (50 and 65) (Meroni et al., 2020), and the examination of reflection cracking. 

In 2020, another effort was planned and initiated to assess the application of the BMD concept in 

designing durable and longer-lasting mixtures in Virginia with a particular emphasis on mixtures 

incorporating relatively higher RAP contents. The overarching scope of the effort included the 

development of the APT experiment, verification of mix design performance, documentation of 

paving operations and construction practices, and mixture sampling during production. Moreover, 

it included coring of as-placed material, testing and analysis of the volumetric and performance 

properties of mixtures, actual testing using a HVS for rutting and cracking studies, analyses of 

collected pavement responses and generated data, and documentation of observations and lessons 

learned. A total of six experimental-testing lanes were constructed. These lanes featured the use of 

typical and high RAP contents, RA, softer binder, and WMA additive.   

6.3. Objective and Scope 

The primary objective of this paper is to conduct a comprehensive investigation of the 

permanent deformation (rutting) behavior of SMs with conventional and high RAP contents 

through full-scale accelerated testing under incremental loading conditions. This paper specifically 

covers the design of pavement test cells, the traffic test plan, and the measurement of rutting 

performance. In addition, this paper proposes an empirical rutting model to account for the 

environmental aging effect observed in the APT measurements. Furthermore, correlation analysis 

is conducted between APT measured rut depth and two laboratory rutting performance tests. 

Finally, an attempt to validate and refine the current VDOT BMD threshold was performed.    

6.4. APT Setup for 2020 BMD Experiment  

Conventional laboratory test protocols primarily aim to simulate the stress and strain 

conditions experienced under typical traffic scenarios. However, it is important to acknowledge 

that the stress or strain conditions imposed on specimens in laboratory settings may differ from 

those encountered in the field. To bridge this gap between laboratory simulations and/or ME design 

models developed using laboratory material testing characterization and actual pavement stress 

conditions, APT tests can be conducted using representative truck wheel loads and tire pressures. 

HVS tests provide a valuable approach to overcome the limitations inherent in conventional 

laboratory tests and offer a more precise representation of the stress conditions experienced by 

pavements in actual field conditions. 
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The central component of the APT BMD experiment was the Dynatest HVS system, 

specifically the Dynatest Mark VI model shown in Figure 6-1a. This system featured an 

environmental chamber designed to maintain a consistent temperature at the loaded area. The HVS 

system automatically regulates the surface temperature to ensure that a depth of 2 inches from the 

surface is maintained at the temperature of interest. Inside the environmental chamber, a dual tire 

carriage was mounted, capable of achieving a speed up to 12.4 mph with a tolerance of ±2 mph. 

The loading was applied using a dual tire assembly, utilizing 11.00R22.5 tires inflated to a pressure 

of 105 psi. Additionally, the system allowed for the completion of 12,000 uni-directional passes 

or 24,000 bi-directional passes within a 24-hour period. The dual tire carriage was capable of 

accommodating loads ranging from 6,750 lb to 22,500 lb. A laser profiler, installed on the HVS 

carriage and shown in Figure 6-1b, was used to conduct scans of the pavement surface and quantify 

the vertical permanent deformation present at the surface. A DAS was employed to capture signals 

from various instruments and monitor the conditions of the pavement. To facilitate this data 

acquisition process, input modules from National Instruments were installed in a chassis along 

with a controller. The LabVIEW software was utilized to develop an interactive interface for data 

management and analysis. The DAS system, along with its associated components, was housed in 

a weather-proof chamber located near the HVS apparatus. 

 

 
Figure 6-1. Photographs taken of: (a) Dynatest Mark VI Heavy Vehicle Simulator; (b) Laser 

Profiler Mounted on HVS Carriage. 

6.5. Experimental Program 

6.5.1. Materials Evaluated 

A total of one control and five BMD 9.5mm dense-graded SMs were investigated in this 

study. The mixtures incorporated various combinations of RAP contents, two binders (PG 64S-22 

and PG 58-28), one RA, and one WMA additive. The BMD optimized mixtures were designed 

following VDOT BMD special provisions using Approach D (Performance Only). The volumetric 

properties and gradations of all mixtures collected during design with various performance testing 

details can be in Table 3-1. Those collected for each sample / sublot during production can be 

found elsewhere (Tong et al., 2023). 
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6.5.2. Design of APT Test Cells 

Six APT lanes were constructed, each lane was designated to evaluate one of the six 

mixtures under full-scale accelerated loading. Each lane had a length of 300 ft and a width of 10 

ft. Within each lane, five test cells (labeled A through E) were established. Test cells A, C, and E 

were specifically designated as the test cells for comprehensive data collection. These test cells 

were instrumented with a variety of sensors, including strain gauges, pressure cells, moisture 

sensors, and thermocouples to collect pavement response data. Test cells B and D served as backup 

test cells to address unforeseen issues or unexpected damage during the experiment. The test cells 

were strategically positioned within each lane, spanning the center 200 ft of the 300 ft lane; each 

test cell had a length of 24 ft. Space between each test cell provided room for the HVS support 

structure. Figure 6-2a provides a visual representation of the site layout for the 2020 APT BMD 

experiment. The pavement structure, shown in Figure 6-2b, was consistent across all six 

constructed lanes. Each lane was built with a research mixture consisting of two 1.5-inch lifts, with 

a total thickness of 3 inches. Each research mixture was placed on top of a 12-inch VDOT 21B 

base layer, followed by an additional 26-inch layer of VDOT 21B as a subgrade layer placed over 

a reinforced foundation.      

 
Figure 6-2. (a) Site Layout for the 2020 APT project; (b) Pavement Structure. 

6.5.3. Loading Protocols 

Two studies were conducted per lane, one for rutting evaluation and another for cracking 

evaluation. Specific cells were assigned for each experiment. The key distinguishing factors 

between the cracking and rutting studies were the variation in testing temperatures, loading 

protocols, and wandering settings. For this paper, the focus is the investigation of rutting 

performance within the 12 rutting test cells, two cells in each of the six lanes. 

The loading protocol implemented within each test cell followed a specific pattern. 

Initially, a wheel load of 9,000 lbf was maintained for the first two weeks. Subsequently, the load 

was increased to 12,000 lbf for approximately one week, followed by a further increase to 15,000 

lbf for approximately another week. This progressive loading protocol was designed to expedite 
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the development of pavement distresses. Wandering was set to a maximum of 2 inches on either 

side of the centerline. The internal pavement temperature was maintained at 40°C (104°F) 

measured by a thermocouple embedded at a depth of 5.1 cm (2 inch) beneath the pavement surface. 

The 9,000 lbf load level was selected to simulate half of an 18,000 lbf standard axle load. 

Throughout the test period, the HVS operated continuously, except for regular daily maintenance 

and occasional repairs. Additionally, temporary staff shortages during the COVID-19 period may 

have impacted the testing schedule. The loading and repetitions were converted into ESALs, with 

the target of achieving approximately 500,000 ESALs in each rutting test cell. The number of 

ESALs were calculated using Equation 6-1. The 18-kip single-axle equivalency concept was 

introduced based on the AASHO road accelerated testing completed in 1961 (Kawa et al., 1998). 

One pass at the 9,000 lbf, 12,000 lbf, and 15,000 lbf load levels corresponded to 1.00, 3.35, and 

8.55 ESALs, respectively. 

%3!,Ó
 wheel load in lb 

Ȣ

                                Equation 6-1 

6.5.4. Experiment Timeline 

The APT BMD experiment was conducted over a period of approximately three years. 

Detailed information regarding the loading timeline and applied loading conditions for the 

pavement during the testing period can be found in Table 6-1. Summary of Rutting Testing Cells 

and Timeline Within the APT BMD Experiment. The notation R1 is used to indicate rutting cell_1, 

which underwent testing prior to rutting cell_2 denoted by R2. This differentiation is made to 

facilitate the subsequent explanation of potential environmental aging effects. The loading 

protocols employed for the test cells were summarized in Figure 6-3. The slope of the curves 

depicted in the figure indicated the loading rate, which might be influenced to a minor extent by 

daily management practices but was primarily driven by the magnitude of the applied load. 

Specifically, as the loading magnitude increased, the slope of the curves became steeper. Besides, 

it was observed that the accumulated ESALs for cell 45_HR_R1 and 45_HR_R2 were relatively 

lower than other test cells. This can be attributed to the fact that these cells experienced rutting 

failure at an earlier stage compared to the remaining cells. It is important to note that, due to the 

arbitrary arrangement of lanes and material allocations, the test IDs have been redefined in Table 

6-1 for clarity and consistency in subsequent discussions. Initially, the dual tire assembly ran 

unidirectionally at a constant speed of 4 mph. However, due to equipment aging issues, the loading 

speed was increased to 6 mph on May 6, 2021. Consequently, most of the test cells were subjected 

to loading at 6 mph, while 3 test cells continued to be subjected to loading at 4 mph. 

Table 6-1. Summary of Rutting Testing Cells and Timeline Within the APT BMD Experiment. 

 

Test ID 

 

Cell 

 

Paving Date 

Test Period Loading 

Start End Speed # of passes # of ESALs 

30_C_R1 L1C 10/20/2020 06/22/2021 08/13/2021 6 mph 182,605 479,170 

30_C_R2 L1B 10/20/2020 09/13/2022 10/17/2022 6 mph 136,422 589,261 
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30_O_R1 L5B 04/29/2020 06/10/2020 07/30/2020 4 mph 116,199 476,737 

30_O_R2 L5E 04/29/2020 08/03/2020 10/02/2020 4 mph 134,378 505,751 

45_HR_R1 L3E 07/15/2020 10/29/2020 12/19/2020 4 mph 135,411 256,075 

45_HR_R2 L3A 07/15/2020 04/18/2022 05/09/2022 6 mph 110,664 374,457 

45_HR_RA_R1 L2E 07/17/2020 08/20/2021 09/30/2021 6 mph 136,912 590,851 

45_HR_RA_R2 L2A 07/17/2020 05/16/2022 06/11/2022 6 mph 132,439 527,431 

45_HR_L_R1 L6E 10/22/2020 11/08/2021 12/08/2021 6 mph 130,645 516,337 

45_HR_L_R2 L6A 10/22/2020 07/28/2022 08/25/2022 6 mph 130,358 530,659 

60_HR_L_RA_R1 L4E 10/23/2020 10/13/2021 11/03/2021 6 mph 122,395 483,630 

60_HR_L_RA_R2 L4A 10/23/2020 06/21/2022 07/22/2022 6 mph 132,661 550,435 

APT = accelerated pavement testing; BMD = balanced mix design; R1 = rutting cell_1; R2 = rutting cell_2; ESALs 

= equivalent single axle loads. 

 

Figure 6-3. Loading Protocols for Various Test Cells. ESALs = equivalent single axle loads; # = 

number; R1 = rutting cell 1; R2 =rutting cell 2. 

6.5.5. Rut Depth Measurement 

The laser profiler, positioned on the carriage of the HVS as shown in Figure 6-1b, was used 

to conduct regular surface scans of the test bed. These scans were performed on a daily or bi-daily 

basis, excluding weekends and vacation periods. The laser profilers captured surface elevation 

measurements at 4-inch intervals across the longitudinal span of the HVS test cell (24 ft), resulting 

in the generation of a row of data containing 69 points. However, due to the location of the laser 

profiler at the head of the mounted carriage (Figure 6-1b), only the initial 53 points, equivalent to 

a distance of 5.385 m (17 ft. 8 in.), were deemed to provide effective measurement data. 

Subsequent to completing one set of longitudinal measurements, the laser profiler was shifted 

inward by 2.54 cm (1 inch) in the transverse direction. Within the transverse direction, a total of 






























































































