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ABSTRACT 

Pavements in cold regions face challenging environmental conditions, including prolonged 

periods of extreme cold, frost heave, and freeze-thaw cycles during late winter and early spring. 

These factors contribute to premature damage, reduced service life, and increased maintenance 

costs for cold region pavements. Previous studies have shown that these issues are primarily 

influenced by environmental factors rather than traffic loads, necessitating specific research 

for cold region pavements. To address these challenges, a full-scale Integrated Road Research 

Facility (IRRF) test road was constructed in Edmonton, Alberta, Canada to investigate the 

impact of the environment on pavement structures and the long-term performance of insulation 

materials. 

Accurately predicting pavement temperature and moisture content within the base and 

subgrade layers is crucial for assessing the load-bearing capacity and overall performance of 

cold region pavements. Traditional approaches, including numerical and statistical models, 

often lack suitability for cold regions or provide limited predictions within the asphalt layer. In 

this research, artificial intelligence techniques, specifically machine learning models, were 

employed to predict pavement temperature and moisture content under cold conditions. 

Environmental data collected from the IRRF test road, along with weather information from a 

local weather station, were utilized to develop and train the machine learning models. These 

models exhibited higher accuracy compared to existing models in the literature, showcasing 

their potential for improved pavement performance prediction. 

To investigate the long-term effects of different embankment and insulation materials, Falling 

Weight Deflectometer (FWD) tests were conducted on the IRRF test road. The FWD test 

results were analyzed to evaluate structural capacity changes in various sections after five years 

of operation. Test sections with embankments backfilled with a mixture of tire-derived 



     iii  

aggregate and soil, as well as sections insulated with bottom ash, demonstrated performance 

comparable to conventional sections, exhibiting lower loss in load-bearing capacity. 

Additionally, machine learning models were employed to enhance road management practices. 

Specifically, they were utilized to estimate the start and end dates of spring load restrictions 

and winter weight premium. By replacing fixed dates with dynamic predictions derived from 

frost and thaw depths, road management can become more adaptive and responsive. 

In conclusion, artificial intelligence, specifically machine learning, presents a practical and 

robust method for predicting pavement temperature and moisture content at various depths, 

thereby enhancing pavement performance assessment. Furthermore, these models can be 

utilized to improve road management by providing accurate predictions for the timing of 

seasonal policies. The development of pavement temperature and moisture content prediction 

models requires a comprehensive dataset incorporating pavement measurements, moisture data, 

and relevant weather information. 
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CHAPTER 1. INTRODUCTION  

1.1. STATEMENT OF THE PROBLEM  

In cold regions, pavements are subject to harsh environmental conditions including long 

periods of extremely low air temperature, frost heave, and freeze-thaw cycles during late winter 

and early spring. In winter, the air temperature drops sharply resulting in pavement 

temperatures falling below 0 , the freezing point of water. Ice lenses form in the base and 

subgrade layers, which can result in differential frost heave in the pavement structure. Frost 

heave negatively affects the roadôs ride quality. Temperatures increase in the late winter or 

early spring, and ice lenses turn into liquid water again. However, as the pavement temperature 

rises from top to bottom, the sublayer remains in a frozen state with low permeability; the 

subgrade layer begins to accumulate water, and the moisture content of the soil reaches the 

maximum value, resulting in the pavementôs bearing capacity to fall to the minimum value 

(Bayat, 2009). Both unbound pavement materials and thin pavements are susceptible to 

moisture content, and higher moisture content in the thawing period can lead to lower load 

capacity (Bayat, 2009; Salour, 2015). To safeguard pavements during the thawing period, 

seasonal policies like spring load restrictions (SLR) and winter weight premiums (WWP) have 

been implemented in northern American regions. Nevertheless, these policies adhere to fixed 

dates each year for imposing restrictions, irrespective of the actual structural capacity of the 

pavement (Asefzadeh et al., 2016). Pavements in cold regions generally exhibit premature 

damage, have shorter service lives, and incur higher maintenance costs, among other issues 

(Tighe et al., 2006), and those problems cannot be addressed by studies conducted in warm 

regions. 

Pavement temperature and moisture content are two environmental parameters that have been 

shown to dominate the material properties of pavement and its structural capacity (Bayat, 2009; 
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Salour, 2015). Thus, a better understanding of the environmental factors within the pavement 

structures could improve road management. A full-scale Integrated Road Research Facility 

(IRRF) test road was constructed in Edmonton, Alberta, Canada to investigate the 

environmental factors within pavement structures and the long-term performance of insulation 

materials. Sensors were installed at multiple depths to monitor the environmental factors within 

the pavement structure. 

Insulation layers have long been employed as a standard method to safeguard pavement 

structures from extreme cold conditions. In contemporary pavement construction, an 

environmentally friendlier insulation material, known as bottom ash, has also found its place. 

Bottom ash, a byproduct of coal combustion in electricity generation, primarily comprises 

silica, alumina, and iron. Nevertheless, the exploration of bottom ash's utility as an insulation 

layer for safeguarding the subgrade against frost heave in cold regions only commenced about 

two decades ago (Hashemian and Bayat, 2016). Previous studies have demonstrated that 

bottom ash can effectively shield the subgrade from freezing (Haghi et al., 2014, 2016, 2018). 

Nevertheless, the long-term implications of bottom ash on moisture content fluctuations within 

the subgrade layer and variations in structural capacity remain largely unexplored. 

Artificial intelligence techniques, specifically machine learning models, have increasingly 

gained attention in pavement performance prediction. Machine learning models have been 

applied to predict the pavement temperature within the asphalt layer (Gungor and Al-Qadi, 

2018; Molavi Nojumi et al., 2022; Qiu et al., 2020; Solaimanian and Kennedy, 1993) and the 

soil moisture content for agricultural applications. Therefore, artificial intelligence techniques 

should be a practical option to help understand the pavement temperature and moisture content 

within pavement structures under cold conditions. 

In summary, a thorough examination of the existing literature in this domain underscores the 

following primary gaps that demand attention and resolution: 
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Å Long-term performance and effects of the bottom ash on moisture content and structural 

capacity are unknown. 

Å Existing prediction models only focus on estimating the pavement temperature within 

the asphalt layer. 

Å No temperature prediction model has yet taken the insulated layers into account. 

Å No existing prediction model can predict base and subgrade layers' moisture content in 

cold regions for the whole year. 

Å The start and end dates of the SLR and WWP are fixed dates every year. 

1.2. RESEARCH OBJECTIVES 

The primary objective of this study was to examine variations in environmental factors 

affecting pavement structures and utilize machine learning to predict these factors, particularly 

in cold conditions such as those found in Edmonton. We utilized years of Falling Weight 

Deflectometer (FWD) test results to assess the variations in structural capacities of the test road. 

The application of the machine learning model aimed to enhance road network management 

and determine the commencement and conclusion dates of seasonal policies, specifically SLR 

and WWP.  

To accomplish this goal, the following tasks were set out to be achieve: 

¶ Qualify the long-term performance and effects of the bottom ash on moisture content 

and structural capacity. 

¶ Develop machine learning models for pavement temperature prediction. 

¶ Develop pavement temperature prediction models tailored for special pavement 

structures. 

¶ Assess the structural capacity changes of the IRRF test road after five years of operation. 
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¶ Utilize machine learning models to optimize road management practices by directly 

predicting the commencement and conclusion dates of spring load restrictions and 

winter weight premiums based on frost and thaw depths. 

1.3. RESEARCH HYPOTHESIS 

Based on the detailed research objectives, the following hypotheses were devised for 

examination within the scope of this research: 

Å Bottom ash can protect the subgrade layer from freezing and have a positive influence 

on the structural capacity. 

Å The variation in moisture content within base and subgrade layers is strongly impacted 

by environmental factors. 

Å Pavement temperature prediction can be achieved by utilizing factors such as air 

temperature, solar radiation, and the day of the year. 

Å Prediction of moisture content in base and subgrade layers is possible through 

consideration of air temperature, precipitation, and the day of the year. 

Å The test section insulated by the bottom ash layer demonstrates superior performance 

compared to the conventional section, exhibiting significantly higher structural 

capacities following years of operational testing. 

Å Machine learning models can accurately determine the commencement and conclusion 

dates of SLR and WWP by frost and thaw depths, offering a valuable tool for 

optimizing road management practices. 

1.4. Research Methodology 

Figure 1-1 is the flowchart of this research. This research was divided into three phases.  
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Figure 1-1: The research flowchart 

Phase 1 Environmental data, pavement temperature, and moisture content were collected from 

sensors installed in the IRRF test road. This data underwent preprocessing to eliminate noise 

and irrelevant values. The years of environmental data were then utilized to assess the 

performance of various sections within the IRRF test road and to discuss the long-term effects 

of the bottom ash layer on pavement temperature and moisture content. 
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Phase 2 Machine Learning Model Development: Figure 1-1 is the flow chart for machine 

learning model development. In this phase, environmental factors, including air temperature, 

solar radiation, and precipitation, were gathered from the Oliver AGDM (the Environment 

Canada weather station located closest to the test road) and integrated with environmental data 

by timestamp. A sensitivity analysis was conducted to explore the relationships between these 

inputs and outputs. Subsequently, we harnessed the capabilities of two MATLAB toolboxes: 

Regression Leaner and Statistics, and Machine Learning Toolbox 11.1, in addition to Neural 

Net Fitting and Neural Network Toolbox 10.0, to construct machine learning models for the 

prediction of pavement temperature and moisture content. 

The coefficient of determination (R2) and the root-mean-square error (RMSE) were utilized to 

assess the performance of the machine learning models. Asefzadeh et al. (2017) previously 

developed a statistical model to predict daily average pavement temperature within the asphalt 

layer, achieving an R2 of 0.849. The rationale for applying machine learning models for 

pavement temperature prediction was to enhance the accuracy of temperature forecasts, with 

an anticipated benchmark of 0.849. Teltayev and Suppes (2019) developed a statistical model 

to predict the unfrozen moisture content in winter, and the R2 value was greater than 0.92 at a 

depth above 1.40 m, while the R2 value was 0.72 at a depth of 1.75 m below the road surface. 

Thus, the expected threshold for moisture content was 0.92 for depths above 1.40 m. 

The training outcomes of the machine learning algorithms being evaluated, including 

regression trees, support vector machines (SVMs), Gaussian process regression (GPR) models, 

ensemble trees, and linear regression models, were also subjected to a comparative analysis. In 

the context of this research, it's crucial to evaluate the strengths and weaknesses of each 

machine learning (ML) algorithm employed to justify their selection. Linear regression models, 

for instance, have the limitation of assuming linear relationships between predictors and the 

target parameter, potentially leading to less accurate predictions compared to other algorithms 
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(Bonaccorso, 2018). Within the regression learner, four subcategories of linear regression 

models are available: linear, interaction linear, robust linear, and stepwise linear. 

Moving to regression trees, this method involves establishing a series of rules and conditions 

to split data at various stages. It encompasses roots, branches, and leaves, with predictions 

extracted from the leaf node at the path's end. The granularity of the resulting tree can be 

adjusted using parameters like minimum leaf size, allowing for the creation of fine, medium, 

or coarse trees (Bonaccorso, 2018). It's important to clarify that hyperparameter optimization 

for overfitting control, beyond the k-fold approach, should be addressed in the methodology 

section. 

Support Vector Machines leverage kernel functions to transform input data into a higher-

dimensional space, optimizing the separation between two classes. The choice of kernel type, 

such as linear, quadratic, or cubic, plays a pivotal role. SVM models also fall into fine, medium, 

and coarse Gaussian categories based on their kernel scale (Cortes et al., 1995; Zeiada et al., 

2020). 

Gaussian Process Regression models, characterized by joint Gaussian distributions among 

random variables, offer non-parametric flexibility. These models, grouped into four categories 

based on kernel functions, provide superior uncertainty estimations and response reliability 

compared to kernel-dependent regression models (Bonaccorso, 2018; Swiler et al., 2020; 

Zeiada et al., 2020). 

Lastly, ensemble models involve combining similar or different algorithms to enhance 

prediction accuracy. Ensemble trees encompass two categories: bagged trees, which create 

multiple models and merge them into a decision tree, and boosted trees, which improve 

performance by combining models using specific cost functions (Bonaccorso, 2018; Zeiada et 
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al., 2020). Further comprehensive information on these algorithms is available in existing 

literature (Bonaccorso, 2018; Cortes et al., 1995; Swiler et al., 2020; Zeiada et al., 2020). 

Cross-validation was employed as a preventive measure against overfitting. In this method, the 

testing data were initially divided into n groups, with five groups utilized in this particular case. 

Of these, (n-1) groups were designated for training purposes, while the remaining group was 

set aside for testing. This process was iterated n times, and the average test error was computed 

across all n folds, where n was 5 in this research. 

Phase 3 Application of Machine Learning Models: Machine learning models were applied to 

estimate the structural capacities within the IRRF test and determine the start and end dates of 

spring load restrictions and winter weight premium policies. For the assessment of structural 

capacities within the IRRF test road sections, we leveraged Falling Weight Deflectometer 

(FWD) tests, a nondestructive deflection testing method widely used in pavement engineering. 

FWD tests involve the measurement of pavement surface deflections under a load. These 

deflections are collected from various sensors strategically placed across the pavement surface. 

By employing different distances between the sensors and the loading plate during FWD tests, 

we obtained a dataset of deflection measurements. These measurements were instrumental in 

our research as they allowed us to perform back-calculations to determine both the subgrade 

modulus, pavement modulus and effective structural number, critical parameters for assessing 

the structural integrity of pavements. We utilized the pavement temperature and moisture 

content data at the test date through machine learning models to calibrate the results obtained 

from Falling Weight Deflectometer tests. This back-calculation process is in accordance with 

the guidelines outlined by AASHTO (1993). 

Furthermore, in this phase, we extended the utility of machine learning models to predict 

pavement temperatures at various depths. Subsequently, we calculated frost and thaw depths 

based on these temperature predictions. These frost and thaw depth measurements served as 
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critical parameters in our study, enabling us to determine the initiation and conclusion dates of 

spring load restrictions and winter weight premium policies. 

In the final phase of our research, we applied machine learning models to precisely pinpoint 

the onset and conclusion dates of these seasonal policies. By doing so, we contributed to the 

advancement of road management practices, enhancing the ability to regulate load limits during 

the spring thaw period and optimize weight premiums during winter conditions. This 

comprehensive approach to policy timing, informed by accurate pavement temperature 

predictions and frost/thaw depth calculations, holds great promise for more effective and 

efficient road management practices.  

1.5. STRUCTURE OF DISSERTATION 

This dissertation is structured in an integrated-article format. With the exception of the 

literature review and conclusions chapters, all other chapters consist of individual journal 

papers that have been published or are currently under revision.  

Chapter 1 provides a general explanation of the study's objectives and the scope of the research. 

Chapter 2 offers a quick overview of the impacts of environmental factors on pavement 

performance, examines existing prediction models, and explores the application of artificial 

intelligence methods for pavement performance prediction. 

Chapter 3 provides an introduction to the background of the IRRF test road and discusses the 

data availability for this study. 

Chapter 4 investigates changes in pavement temperature and moisture content in the test road 

over multiple years. This chapter also analyzes the influence of external climate and insulation 

materials on environmental factors, marking the initial phase of our research.  
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Chapter 5 evaluates the effectiveness of machine learning models for predicting base and 

subgrade layer temperatures. This chapter utilizes air temperature and day of the year as inputs 

for pavement temperature prediction. 

Chapter 6 incorporates depth as an input parameter and focuses on training powerful machine 

learning models for predicting average, maximum, and minimum daily pavement temperatures 

in various layers, including HMA, base, and subgrade. 

Chapter 7 explores the application of machine learning models to predict pavement 

temperature within structures, considering special insulation materials such as bottom ash. This 

chapter demonstrates the robustness of machine learning models for predicting pavement 

temperature with these unique insulation materials. 

Chapter 8 utilizes machine learning models to predict base and subgrade layer moisture 

content, using three input parameters: pavement temperature, day of the year, and depth. The 

focus is on predicting moisture content variations throughout the year. 

Chapter 9 focuses on the development of machine learning models to predict pavement 

temperature and moisture content simultaneously. This chapter includes only three input 

parameters: air temperature, day of the year, and depth.  

Chapter 10 assesses the variation in structural capacity among different test sections after five 

years of operation. This chapter backcalculates resilient modulus, effective modulus, and 

effective structural numbers using Falling Weight Deflectometer test results and discuss the 

influence of environmental factors, embankment materials, and insulation materials. 

Chapter 11 explores machine learning models as a novel method to determine the start and 

end dates of seasonal policies, such as Spring Load Restrictions and Winter Weight Premium. 

This chapter directly uses frost and thaw depths for policy determination and compare 

predicted results to measured outcomes.  
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Chapter 12 provides a summary of the findings and contributions, draws conclusions, and 

offers recommendations for future studies and practical applications. 

1.6. CORRELATION BETWEEN DIFFERENT CHAPTERS 

Chapter 1 sets the stage by outlining the study's objectives and scope, providing a foundation 

for the subsequent chapters. Chapter 2 serves as a literature review, introducing the impacts 

of environmental factors and the application of artificial intelligence in pavement performance 

prediction, setting the context for the research to come. Chapter 3 introduced the background 

of the IRRF test road. Chapter 4 initiates the research process by investigating long-term 

environmental factors, paving the way for the development of predictive models in later 

chapters. Chapters 5 through 9 progressively develop machine learning models for pavement 

temperature and moisture content prediction, following a progression from simplicity to 

complexity as illustrated in Table 1-1. Chapter 5 builds on this foundation by evaluating 

machine learning models for predicting base and subgrade temperatures, with a focus on inputs 

like air temperature and day of the year. Chapter 6 extends the temperature prediction to 

various pavement layers, incorporating depth as an input parameter, and training models for 

different temperature scenarios. Chapter 7 explores the application of machine learning 

models within pavement structures, particularly focusing on insulation materials like bottom 

ash and their impact on temperature prediction. Chapter 8 shifts the focus to moisture content 

prediction, utilizing machine learning models and inputs like pavement temperature, day of the 

year, and depth to predict moisture variations throughout the year. Chapter 9 combines 

temperature and moisture predictions simultaneously, showcasing the potential of machine 

learning to provide comprehensive insights into pavement conditions. Chapter 10 extends the 

investigation initiated in Chapter 4, focusing on the enduring influence of bottom ash 

insulation on environmental factors. Furthermore, it compares the results of different sections 

within the IRRF test road, providing insights into the long-term structural capacity effects. To 
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achieve this, we employed prediction models to determine the actual moisture and temperature 

conditions at the time of testing. Additionally, we carefully defined material properties, such 

as modulus, to ensure their accuracy in back calculations and subsequent inputs. This chapter 

bridges the environmental and structural aspects, shedding light on how bottom ash insulation 

impacts both. Chapter 11 explores the practical application of machine learning in determining 

the timing of seasonal policies, aligning environmental factors with policy decision-making. 

Machine learning models predict pavement temperatures at various depths, and frost and thaw 

depths are calculated based on temperature data from different depths. The timing of seasonal 

policies, specifically SLR and WWP, is directly influenced by the development of frost and 

thaw depths. In this chapter, we compare the prediction results with measured data to assess 

the accuracy of the models. Additionally, we validate the timeframes by comparing the 

moisture content variation in the subgrade layer. Chapter 12 culminates the study by 

summarizing findings, drawing conclusions, and providing recommendations for future 

research and practical applications, thereby closing the research loop. 

Table 1-1: Research objectives in chapters 5 to 9. 

Chapter Section 

Input Output 

Air 

temperature 

Pavement 

temperature 

Day 

of the 

year 

Depth 
Pavement 

temperature 

Moisture 

content 

 5 
Control 

section 
a  a  a  

6 
Control 

section 
a  a a a  

7 
Insulation 

section 
a  a a   

8 
Control 

section 
 a a a  a 

9 
Control 

section 
a  a a a a 
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Overall, these chapters form a cohesive narrative that progresses from the introduction of the 

research goals to the development and application of machine learning models for 

comprehensive pavement analysis, structural capacity evaluation, and policy decision-making. 
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CHAPTER 2. LITERATURE REVIEW  

In cold regions, pavements face harsh environmental conditions characterized by prolonged 

periods of extreme cold temperatures and the occurrence of spring freeze-thaw cycles. During 

winter, as both air and pavement temperatures plummet, ice lenses form within the base and 

subgrade layers, resulting in differential frost heave on the pavement surface. Notably, when 

the temperature drops below 0°C (Teltayev and Suppes in 2019), the freezing point of water, a 

rapid shift in moisture levels takes place. As late winter arrives and temperatures rise, the ice 

lenses within the pavement begin to melt. However, while the sublayer remains frozen, its 

permeability remains low, leading to the accumulation of excess water. This accumulation 

typically leads to an elevated moisture content in the sublayer during the thawing period, 

resulting in the lowest subgrade modulus throughout the year as shown in Figure 2-1 (Bayat, 

2009; Salour, 2015; Haghi, 2019). As a result of these adverse environmental conditions, 

pavements in cold regions typically experience more extensive damage, exhibit premature 

deterioration, and suffer from shorter service lives and elevated maintenance costs, among 

other associated challenges. Prior research has indicated that the root causes of these issues 

predominantly stem from environmental factors rather than traffic-related factors (Janoo and 

Shepherd, 2000; Asefzadeh et al., 2016; Haghi et al., 2016). Consequently, addressing these 

problems requires a distinct approach tailored to the unique conditions of cold region 

pavements, making solutions applicable to warm region pavements insufficient.  
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Figure 2-1: Conceptual pavement stiffness variations due to freezing and thawing (Salour, 

2015) 

 

2.1. ENVIRONMENTAL FACTORS  FOR PAVEMENT 

PERFORMANCE 

2.1.1. Pavement Temperature 

The rate and magnitude of deterioration in flexible pavements are intricately linked to the 

properties of the materials composing various layers. Notably, the strength and stiffness of 

these pavement materials are profoundly influenced by variations in pavement temperature and 

moisture content (Birgisson et al., 2000). Pavements situated in cold regions, exposed to 

prolonged sub-zero temperatures and recurrent freeze-thaw cycles, tend to experience more 

severe damage compared to their counterparts in warmer regions (Tighe et al., 2006). During 

the winter season, as the temperature within the hot mix asphalt (HMA) layer plummets, a 

noteworthy observation is the increase in the modulus of the HMA layer, rising from 1.0 × 108 

Pa to 1.4 × 1010 Pa (Aidara et al., 2015). Additionally, extreme temperature fluctuations in cold 

regions can lead to asphalt hardening and reduced flexibility, increasing the risk of cracking 
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and rutting, while freeze-thaw cycles can exacerbate damage through thermal cracking and 

moisture-related distress.  

Furthermore, Fredlund et al. (1977) introduced a two-parameter expression for resilient 

modulus, with matric suction identified as the primary parameter affecting unsaturated soils' 

behavior. This matric suction is significantly dependent on both temperature and moisture 

content, as demonstrated by Simonsen et al. (2002). They found that as temperatures drop from 

0°C to -20°C, the resilient modulus of soil increases, emphasizing the profound influence of 

temperature variations. 

Moreover, Salour and Erlingsson (2013) conducted modulus back-calculations based on falling 

weight deflectometer data, revealing a 63% reduction in the resilient modulus of the subgrade 

and a 48% reduction in the resilient modulus of the granular base layer during the thawing 

period, compared to values under fully recovered conditions. In a case study by Haghi et al. 

(2016), it was observed that as temperatures decrease, the modulus of the unbound layer can 

reach 2.13 times the normal condition (with fall as the reference) (1.4 × 1010 Pa). 

Simultaneously, the resilient modulus of the unbound layer decreases to 1.3 × 1010 Pa due to 

the presence of excess water within the unbound layer. 

Additionally, the rate of change in the resilient modulus for the subgrade in spring varies among 

different soil types (Popik et al., 2005). The Mechanistic-Empirical Pavement Design Guide 

(MEPDG) outlines a method to calculate the temperature of a sublayer, crucial in determining 

when the unbound material layer will freeze (AASHTO, 2008). This temperature, in turn, 

impacts the resilient modulus of unbound materials, thus influencing the load-bearing capacity 

of the pavement. 

In essence, while most pavement design methods may not directly account for temperature 

variations, the material properties and road location may render seasonal temperature 
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fluctuations a crucial factor affecting unbound layer properties and performance (AASHTO, 

2008). For instance, in the case of a weak subgrade soil, freezing can lead to a substantial 

increase in resilient modulus, while an increase in temperature during the thawing period can 

result in a significant decrease (AASHTO, 2008). Meanwhile, the pavement temperature was 

used in the Mechanistic-Empirical Pavement Design Guide (MEPDG) to Determine HMA-

Mixture Properties for Load-Related Distresses as indicated in Figure 2-2 (AASHTO, 2008). 

Consequently, accurate estimation of unbound layer temperature emerges as a critical 

consideration in pavement engineering. 

 

Figure 2-2: Graphical illustration of the five temperature quintiles used in the MEPDG to 

determine HMA-mixture properties for load-related distresses (AASHTO, 2008) 

2.1.2. Moisture Content 

The moisture content of subgrade soils plays a pivotal role in pavement design and performance, 

primarily due to its influence on subgrade strength. Moisture content is a key environmental 

parameter, impacting both soil stress states and structural integrity. Notably, it can affect soil 
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structure through suction or pore water pressure, ultimately shaping subgrade load-bearing 

capacity. Soils reach their maximum density at an optimum moisture content, with coarse-

grained and fine-grained materials experiencing substantial modulus increases when dry, 

assuming all other conditions remain constant. Additionally, the modulus of cohesive soils is 

subject to complex clay-water-electrolyte interactions (ARA., 2000; Bohra et al., 1999; 

Christopher et al., 2006, 2010). 

Contrastingly, moisture content may not directly influence bound materials like asphalt, but 

excessive moisture content can lead to asphalt stripping, causing the separation of the asphalt 

binder from the aggregate. This issue can have long-term repercussions on the structural 

integrity of cementitious materials (ARA., 2004; Christopher et al., 2006, 2010). Hence, 

moisture content exerts a significant impact on pavement performance and subgrade properties 

(ARA., 2000; Christopher et al., 2006, 2010; Hall and Rao, 1999). 

Notably, the variation in moisture content in cold regions such as Edmonton differs 

significantly from that in warmer regions, where time and precipitation are dominant factors 

(Hedayati and Hossain, 2015). In cold regions, particularly during winter and spring, moisture 

content in the pavement layer is influenced by various factors, both environmental and internal 

(Chuvilin et al. 2020; Haghi et al., 2019; Jin et al., 2020; Patterson and Smith, 1980; Stein and 

Kane, 1983; Topp et al., 1980). Winter in Edmonton, for instance, witnesses average daily base 

layer temperatures dropping as low as -15°C ( Haghi, 2019). This temperature range falls below 

the freezing point of bound water closely attached to mineral surfaces in soil, which can vary 

between -6 to -20°C (Kozlowski, 2007), lower than the freezing point of water at standard 

atmospheric pressure. Consequently, during winter, a mixture of ice and water coexists within 

the base and subgrade layers. 

Furthermore, previous studies have indicated that capillary action, surface effects, adsorption 

forces, and the electrical double layer can influence the amount of unfrozen water in soil 
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(Chuvilin et al. 2020; Hoekstra, 1967; Jin et al., 2020; Stein and Kane, 1983). The soil freezing 

characteristic curve (Figure 2-3) suggests that even under extremely low soil temperatures, 

residual water content remains in the soil (Anderson and Tice, 1972; Chuvilin et al. 2020). 

Consequently, accurately determining the unfrozen moisture content in frozen soil proves 

challenging. Moreover, the moisture content dynamics in cold regions, such as Edmonton, are 

heavily influenced by low temperatures. This leads to a moisture content trend that contrasts 

starkly with that in warmer regions, where moisture content typically varies sinusoidally 

throughout the year, largely driven by precipitation (Hedayati and Hossain, 2015). However, 

in Edmonton and similar cold regions, pavement temperature predominantly dictates moisture 

content, with precipitation playing a limited role (Haghi, 2019). 

 

Figure 2-3: Temperature-dependent unfrozen water contents in soils of different grain sizes 

(a) and in sandy soil with different contents of kaolinite (b) and montmorillonite (c) clay 

(Chuvilin et al. 2020) 
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Symbols in panels a-c: 1 = clay silt; 2 = silt-1; 3 = silt-2; 4 = sand (a); 1 = sand; 2 = sand with 

15% kaolin; 3 = sand + 25% kaolin; 4 = sand + 40% kaolin (b); 1 = sand; 2 = sand with 15% 

bentonite; 3 = sand + 25% bentonite; 4 = sand + 40% bentonite (c). 

During winter, most of the water in the pavement layers freezes, reducing the unfrozen 

moisture content. As spring approaches, with rising air and pavement temperatures, solid water 

(ice) within the unbound layers transforms back into liquid water. The lower layers often 

remain frozen while thawing progresses from top to bottom. This results in low permeability 

in the lower layer, leading to the accumulation of excess water above the frozen layer. 

Consequently, as the weather warms and pavement temperatures rise, the water content in the 

subgrade and base layers reaches its highest levels, particularly compared to other times of the 

year (Haghi, 2019). This moisture accumulation during the thawing period typically leads to a 

decrease in subgrade bearing capacity, a phenomenon referred to as the freeze-thaw cycle. Cold 

regions experience multiple freeze-thaw cycles annually, with the number of cycles 

significantly impacting the resilient modulus of subgrade layers (Haghi et al., 2016; Zhou et 

al., 2022). 

In summary, comprehending the change in moisture content within base and subgrade layers 

is imperative for improved road design, particularly in cold regions subject to temperature 

fluctuations. Moisture content dynamics differ significantly in these regions compared to 

warmer counterparts, making it crucial to account for these variations to enhance pavement 

performance and subgrade properties. 

2.2. BOTTOM ASH  

Insulation layers have long been employed as a conventional approach to safeguard pavement 

structures from extreme cold weather conditions. Polystyrene, depicted as an insulation 

material in Figure 2-3(a), has been a staple choice for protecting pavements in numerous cold 

regions since as far back as 1967 (Penner, 1967). Earlier research studies have demonstrated 
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the effectiveness of a 5-centimeter polystyrene layer in substantially reducing both thaw depth 

and frost heave. Additionally, case studies examining pavement settlement have consistently 

revealed that pavement sections incorporating polystyrene insulation layers experienced less 

settlement compared to those following standard design practices, as evidenced by studies such 

as those conducted by (Esch, 1973; Hayden and Swanson, 1972; Tatarniuk and Lewycky, 

2011). 

  

Figure 2-4: Insulated materials used in the IRRF test road (a) polystyrene board and (b) 

bottom ash 

In recent years, there has been a notable shift towards adopting environmentally sustainable 

practices in pavement construction. This shift has led to the increasing use of bottom ash (BA) 

(depicted in Figure 2-3(b)), a by-product of coal combustion, as an alternative insulation 

material. Alberta, for instance, has continued to produce a substantial amount of BA due to its 

coal-based electricity generation, accounting for 36% of electricity production in 2019 

(Provincial and Territorial Energy Profiles ï Alberta, 2019). Extensive studies have established 

BA as a high-quality base material, primarily composed of silica, alumina, and iron, offering 

excellent insulation properties to safeguard the subgrade against frost heave during harsh 

winters (Forteza et al., 2004; López et al., 2015; Huang, 1990; Haghi et al., 2014). Research 

by Haghi et al. (2014, 2016, 2018, 2019) has underscored the effectiveness of both polystyrene 

and BA in protecting the subgrade layer from frost. However, it's essential to note that the 

polystyrene layer's use led to increased temperatures in hot mix asphalt and base layers during 

(a) 

 

 

 

(b) 
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summer and lower temperatures during winter (Haghi et al., 2014). Notably, an analysis of 

falling weight deflectometer (FWD) test results conducted one year after the IRRF test road's 

construction revealed that the BA-insulated section demonstrated load-carrying capacity 

similar to the control section (CS, without insulation), while the polystyrene-insulated section 

experienced a significant reduction in pavement load-bearing capacity (Haghi et al., 2016). 

Furthermore, the BA-insulated section exhibited similar viscoelastic behavior to the CS; 

however, the polystyrene-insulated pavement proved more susceptible to damage during 

summer due to higher HMA temperatures (Haghi et al., 2019). 

Despite these promising findings, it's worth noting that research on employing bottom ash as 

an insulation layer for subgrade frost protection in cold regions commenced only 

approximately two decades ago, as evidenced by the work of Hashemian and Bayat (2016). 

While several studies (Haghi et al., 2014, 2016, 2018) have been conducted on the IRRF test 

road featuring a bottom ash layer after its initial construction, there remains a notable 

knowledge gap concerning the long-term effects of bottom ash on both moisture content and 

structural capacity. In Helsinki, Finland, a study revealed that frost depth in bottom ash sections 

was only 40%ï60% of that in conventional sections (Field et al., 2011). Additionally, two 

separate studies in Edmonton, Alberta (conducted in 2001 and 2014), demonstrated that bottom 

ash effectively prevented frost penetration into the subgrade, with frost depth contained within 

the bottom ash layer (Havukanen, 1987; Edgar et al., 2015). Notably, economic investigations 

conducted at Delhi Technological University explored the use of pond ash, a type of industrial 

waste subbase material, as a viable replacement for conventional subbase materials in 

pavement construction. These studies revealed substantial cost savings, with a reduction of 

11.5%ï12.4% in the total construction cost when the subbase layer consisted solely of pond 

ash, without any additional materials. Furthermore, incorporating pond ash with fiber and lime 

was found to yield savings ranging from 5.2% to 13.0% in construction costs (Sarkar and 
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Dawson, 2015). These collective findings highlight the environmental and economic 

advantages of utilizing bottom ash and similar materials in pavement construction practices. 

2.3. SEASONAL POLICES FOR ROAD MANAGEMENT  

Freight transport plays a crucial role in sustaining Canada's economy, but the substantial 

volume of heavy truck traffic places immense pressure on the countryôs roadway networks. 

This pressure leads to premature failure, extensive pavement damage, the need for costly road 

maintenance, and other related issues. Furthermore, Canada's cold regions present additional 

challenges for roadways, including frost heave and freeze-thaw cycles. During the thaw 

weakening period, the temperature of the pavement structure rises, but the moisture content 

reaches its highest values, leading to a decrease in the structural capacities of the pavement, 

reaching the lowest values of the year (ARA., 2004; Bohra et al., 1999; Christopher et al., 2006; 

Haghi et al., 2016; Huang et al., 2021; Janoo and Shepherd, 2000). Consequently, roadways 

become more vulnerable to the detrimental effects of heavy truck traffic, further exacerbating 

the strain on the infrastructure (Al-Qadi et al., 2008; Bayat, 2009; Haghi, 2019). 

To address these challenges, authorities in North America have implemented seasonal policies 

like spring load restrictions (SLR) and winter weight premiums (WWP). SLR has traditionally 

been introduced to protect pavements during the thaw-weakening season, while WWP aims to 

mitigate the impact of SLR on the trucking industry. SLR involves reducing the maximum axle 

load of trucks or, in some cases, imposing heavy traffic bans during this period. These measures 

can have implications for regional economic development and the growth of the trucking sector. 

Provinces typically enforce restrictions on various aspects of vehicle load weight and 

dimensions, including vehicle length, axle load, axle spread, and the overall loaded mass of 

vehicles and combinations. These restrictions often result in substantial reductions, typically 

ranging from 50% to 90%, on carriers during the Spring Thaw. However, these policies adhere 
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to fixed dates each year for their implementation as shown in Table 2-1, regardless of the actual 

structural capacity of the pavement, as highlighted by Asefzadeh et al. (2016). The rigidity of 

these policy dates can impede the growth of the trucking industry by imposing restrictions on 

axle loads. Striking a balance between pavement infrastructure preservation and the needs of 

the industry is crucial. 

Table 2-1: Spring load restrictions dates in some Canadian provinces (Canada Cartage Group 

of Companies, 2021). 

Province Zones/Counties SLR Dates 

Saskatchewan South March 15 ï June 15 

North April 1 ï June 30 

Manitoba Zone 1A March 6 ï May 29 

Zone 1B March 8 ï May 31 

Zone 2 March 19 ï May 31 

Zone 3 March 23 ï June 10 

Ontario Schedule 1 Highways March 1 ï April 30 

Schedule 2 Highways March 1 ï May 31 

Schedule 3 Highways March 1 ï June 30 

Quebec Zone 1 March 15 ï May 14 

Zone 2 March 15 ï May 14 

Zone 3 March 22 ï May 21 
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2.4. EXISTING MODELS FOR PAVEMENT PERFORMANCE 

PREDICTION AND MANAGEMENT  

2.4.1. Pavement Temperature Prediction Models 

While environmental factors significantly impact road performance, existing models primarily 

focus on pavement temperature variations within the asphalt layer (Adwan et al., 2021; 

Asefzadeh et al., 2017; Milad et al., 2021; Molavi Nojumi et al., 2022). There has been limited 

research attention on this aspect, resulting in only a few statistical models being developed for 

pavement temperature prediction. The Strategic Highway Research Program (SHRP) and its 

Canadian counterpart (C-SHRP) have introduced two models, denoted as Equation 2-1 (SHRP) 

and Equation 2-2 (C-SHRP), specifically designed for predicting the minimum pavement 

temperature within the hot mix asphalt (HMA) layer, aiding in the selection of optimal asphalt 

concrete mixtures (Mohseni, 1998). 

Ὕ Ὕ  πȢπυρὨ πȢππππφσὨ Equation 2-1 

Ὕ πȢψυωὝ  πȢππςπȢπππχὝ  Ὠ πȢρχ Equation 2-2 

In both Equations 2-1 and 2-2, Td ( C̄) represents the minimum pavement temperature at depth 

d (mm) and Tair (min) ( C̄) represents the minimum daily air temperature. 

Data collected from the Integrated Road Research Facility (IRRF) test road served as the basis 

for developing statistical models predicting average, minimum and maximum pavement 

temperature throughout the year. The model for average temperature prediction divides the 

year into two seasons: a cold season (October to March) and a warm season (April to 

September), resulting in Equations 2-3 (for the warm season), 2-4 (for the cold season), 2-5, 

and 2-6. 

Ὕ σȢωψσςρȢρςψψὝ ςȢφψρπ ὛὙ Equation 2-3 
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Ὕ ρȢχψυσπȢφυρπὝ σȢσχρπ ὛὙ ςȢπσςφὨ Equation 2-4 

Ὕ  ςȢψχπτπȢψω Ὕ  ρȢςφρπ  ὛὙ

πȢρχυω ὛὙ Ὕ  
Ȣ

ρυȢςσςτὨ 
Equation 2-5 

Ὕ ςȢπςσχπȢψχπω Ὕ χȢφ ρπ  ὛὙ ρφȢρψψφ Ὠ Equation 2-6 

where Tave ( C̄) is the daily average temperature of the HMA layer, Tair ( C̄) is the daily average 

air temperature, SR is the daily solar radiation (kJ/m2), d is depth (m), THMA (min) ( C̄) is the 

minimum daily HMA temperature, Tair (min) ( C̄) is the minimum daily air temperature, Td(max) 

( C̄) represents the maximum daily pavement temperature at depth d (mm), and Tair (max) is the 

maximum daily air temperature.  

All the models mentioned above are designed exclusively for the HMA layer and did not take 

temperature variations within the base and subgrade layers into account. In the existing 

literature, only one model stands out for its applicability to base and subgrade layers. This 

model, proposed by Heydinger (2003), take into account these base and subgrade layers, and 

is represented by Equation 2-7: 

Ὕὸ ὃ ὄÓÉÎ ‫ὸ ‰  Equation 2-7 

where t is time (expressed as the day of the year), A ( C̄) is the mean temperature, B ( C̄) is the 

amplitude, and w is the normalized frequency (w = 2p / 365.25). To apply this equation, the 

appropriate values of A and B are estimated based on asphalt and soil temperature 

measurements. The performance of the model proposed by Heydinger (2003) will be discussed 

in the subsequent chapters.  

2.4.2. Moisture Content Prediction Model 

Moisture content is a pivotal environmental factor with a profound impact on pavement system 

performance. Specifically, the moisture content within the unbound material layer plays a 
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pivotal role in determining the subgrade's load-bearing capacity, directly influencing stress 

distribution and structural characteristics of the underlying soil (ARA, 2004). While several 

models for moisture content prediction exist in the literature (Hedayati et al., 2014; Hedayati 

and Hossain, 2015), Hedayati and Hossain (2015) developed a parametric model based on field 

data collected in North Texas. This model, presented in Equations 2-8 and 2-9, effectively 

captures both seasonal and transient variations in moisture content: 

— ȟ — —ÓÉÎ‫ὸ πȢςᾀ ὅ ὪὸȟὶὥὭὲὪὥὰὰ Equation 2-8 

— πȢπυσὩ Ȣ  
Equation 2-9 

where z is the depth (m), t is the time elapsed from an arbitrary starting point (day), q (z, t) is the 

soil moisture content (m3 H2O/m3) at depth z and time t, q0 is the average soil moisture (m3 

H2O/m3) at depth z over time, qa is the moisture content at a given depth over time, w is the 

angular frequency (equal to 2p  / 365 = 0.0172 day-1), C0 is the phase correction factor (which 

can be determined analytically) and f(t, rainfall) is the relationship between the net increase in 

soil moisture content (m3 H2O/m3) and rainfall. Hedayati and Hossain (2015) calculated q0 

based on all available field data collected at a depth of z. In Equation 2-8, rainfall was treated 

as hypothetical noise superimposed on the main signal and was analyzed separately. 

However, it is important to note that moisture content in cold regions exhibits distinct and 

unique trends (Bayat, 2009; Haghi, 2019), and the model designed for moisture content 

variation in warm regions cannot be directly applied to cold regions. As illustrated in Figures 

2-5 and 2-6, moisture content variation in warm and wet regions is primarily influenced by 

rainfall (Hedayati and Hossain 2015). In contrast, cold regions experience freezing 

temperatures in winter, causing the water to transform into ice. Consequently, unfrozen 

moisture content decreases, and a residual moisture content remains. During late winter and 

early spring, as air temperatures rise, the ice begins to melt, leading to water accumulation in 
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the soil (Haghi 2019). The extremely low air temperatures experienced in these regions induce 

significant changes in the moisture status, thereby necessitating specialized models tailored to 

capture these specific conditions. 

 

Figure 2-5: Subgrade moisture content and rainfall (Hedayati and Hossain 2015). 

 

 

Figure 2-6: Subgrade resilient modulus and soil moisture content (Haghi 2019) 

Teltayev and Suppes (2019) developed a semi-logarithmic function to describe unfrozen 

pavement moisture content in winter, based on negative temperature (i.e. pavement 

temperature was below 0°C) and initial moisture content (i.e. before the pavement temperature 

drops below 0°C). The model was based on data collected in the eastern region of Kazakhstan, 

as represented in Equation 2-10. 

ὡ πȢωρρπȢφστὡ πȢυυςÌÎȿὝȿ πȢπφχὡ ÌÎȿὝȿ Equation 2-10 



    29 

Where Wuf is the unfrozen soil moisture content (%), W0 is the initial soil moisture content (%), 

and T is the temperature (°C), which is always a negative value. This is the only available 

model in the literature designed for cold regions; however, it still has some limitations. For 

instance, it only functions for negative temperatures, and initial moisture content data are 

required. Its performance on the IRRF test road will be assessed in subsequent chapters. 

The Enhanced Integrated Climate Model (EICM) (ARA., 2004) is a widely utilized climate 

prediction model that offers predictions for in situ pavement temperature, moisture content, 

and stiffness moduli of the pavement layers. However, there are certain limitations associated 

with this model. Firstly, the accuracy of its predictions heavily relies on the quality and 

accuracy of the input parameters, such as boundary conditions, climatic conditions, and 

material properties. Additionally, the EICM assumes that the heat capacity and thermal 

conductivity of unbound materials remain constant over time. However, this assumption does 

not hold for unbound materials, such as base course and soil, as their heat capacity and thermal 

conductivity vary with changing moisture content and frost depth (ARA., 2004). Consequently, 

the EICM cannot accurately predict the temperature of unbound materials within a pavement 

structure. Birgisson et al. (2000) found that there was a significant discrepancy between 

measured temperatures and EICM predictions. In the Minnesota Road Research Project 

(MN/ROAD), it was observed that the temperature difference between measured values and 

those predicted by the EICM reached nearly 7°C during summer for densely graded base 

material. These disparities underscore the limitations of relying solely on the EICM for 

accurate temperature predictions of unbound materials in a pavement structure. 

2.4.3. Spring Load Restrictions and Winter Weight Premiums Dates 

Prediction Models  

To optimize these policies and minimize trade-offs, several models have been proposed to 

determine the start and end dates of SLR and WWP using cumulative thawing index (CTI) and 
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cumulative freezing index (CFI). Various methods exist for calculating CTI and CFI. CTI can 

be calculated using Equation 2-11. 

ὅὝὍ Ὕ Ὕ  Equation 2-11 

where Tavg is the average daily temperaturre and Tr is the average air temperature when the 

asphalt temperture fluctuates around 0°C . Tr should be calibrate by the local data and its value 

varies with time. CFI is the absolute value of the sum of all daysô temperatures falling below 

0°C . Mahoney et al. (1987) suggested the calculation of CTI and CFI using a fixed Tr value of 

-1.67°C . Following the start of thawing period, the recommended CTI values of ñshould-levelò 

and ñmust-levelò thresholds to implement SLR were 15°C and 28°C, respectively. For thick 

pavements, Mahoney et al. (1987) proposed Equation 2- 12 to determine SLR lifting. 

ὅὝὍπȢσ ὅὊὍ Equation 2-12 

The Manitoba Department of Infrastructure and Transportation recommended that SLR should 

be applied when the CTI reaches 15°C -days but no earlier than March 11. CTI is expressed as 

Equation 2-13 (Bradley et al. 2012). 

ὅὝὍ ὈὥὭὰώ ὝὍ Ὕ
Ὕ Ὕ

ς
 Equation 2-13 

where Tr starts at 1.7 °C on March 1 and increases daily by 0.06 °C until May 31, after which 

it resets to zero. Tmax and Tmin are the maximum and minimum values of daily temperatures, 

respectively. If (Tmax + Tmin)/2 < 0, then the daily TI will change to Tr + (Tmax + Tmin)/4 to 

compensate for the period when the ambient air temperature falls temporarily below 0°C. SLR 

should be removed no later than eight weeks after the application date, when the CTI reaches 

350°C -days or 31 May, whichever is sooner. The recommended start date of WWP is when the 

CFI reaches 150°C -days, corresponding to a frost depth of 75 cm. The recommended removal 

of WWP is when CTI reaches 1°C-days (Bradley et al. 2012). 
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The Minnesota Department of Transportation suggested Equation 2-14 to determine the SLR. 

ὅὝὍ ὈὥὭὰώ ὝὍπȢυ ὈὥὭὰώ ὊὍ Equation 2-14 

Å When (Tmax + Tmin)/2 ï Tr < 0°F  and CTIn-1  Ò 0.5 Ĭ [32°F  ï (Tmax + Tmin)/2] then daily TI and 

daily FI should both be assigned 0°F -day. 

Å When (Tmax + Tmin)/2 ï Tr > 0°F then daily (Tmax + Tmin)/2 ï Tr and daily FI = 0°F -day. 

Å When (Tmax + Tmin)/2 ï Tr < 0°F  and CTIn-1 > 0.5 × [32°F ï (Tmax + Tmin)/2] then daily TI = 

0 °F -day and daily FI = 32 °F ï (Tmax + Tmin)/2 

where CTIn represents the cumulative thawing index calculated over n days (in °F -days), with 

CTI resetting to zero on January 1. CTInï1 denotes the cumulative thawing index for the 

previous day. Tr is the reference air temperature, set at 32 °F for the month of January. Tr 

decreases by 1.5 °C daily during the ýrst week of February and then by 0.5 ÁC weekly until the 

end of thawing season. In this method, the threshold for initiating SLR start is CTI = 15 °C-

days, contingent ona continuous forecast of non-freezing weather conditions. 

Nonetheless, these investigations often lack a precise delineation of the conclusion date for 

Spring Load Restrictions, and the computation of CTI and CFI presents considerable 

difficulties (Asefzadeh et al., 2016). Determining the initial CTI calculation date is challenging 

due to unforeseen temperature spikes in winter (e.g., during January and February). 

Furthermore, the CTI and CFI computations necessitate adjustments using a reference 

temperature specific to each location. The exploration of direct parameters, like freeze and 

thaw depths, and the exploration of innovative methodologies such as machine learning, can 

provide valuable insights. 

A pioneering method proposed by Baïz et al. (2008) and further refined by Bao et al. (2019, 

2021) aims to directly determine the start and end dates of SLR and WWP by taking into 
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account frost and thaw depths, indicating in Figure 2-7. Leveraging machine learning to 

determine the initiation and conclusion of these policies based on actual frost and thaw depth 

in the pavement offers a more dynamic and data-driven approach. This approach can lead to 

improved pavement performance and reduced industry constraints (Asefzadeh et al., 2016; Bao 

et al., 2021). While these advanced models hold the potential to enhance road network 

management, it's worth noting that, as mentioned earlier, moisture content plays a pivotal role 

in the load capacity of pavements in cold regions. However, these models did not incorporate 

the variation in moisture content within the subgrade layer. 

 
Figure 2-7: Decisions regarding Spring Load Restrictions guided by freezing and thawing 

depth forecasts (Baïz et al., 2008; Bao et al. 2019, 2021) 

2.5. APPLICATION OF A RTIFICIAL INTELLIGENCE  FOR 

PREDICTION PERFORMANCE IN ROAD  

In recent years, the application of artificial intelligence (AI) techniques has gained significant 

momentum in studying and improving road performance, particularly in the field of 

transportation infrastructure management (Fujita et al., 2017; Inkoom et al., 2019; Marcelino 

et al., 2019; Nitsche et al., 2014). Traditional methods for predicting pavement conditions and 

performance have their limitations, prompting researchers to explore AI-driven solutions. This 

comprehensive literature review aims to provide an overview of the growing body of research 

on the use of AI, specifically machine learning and deep learning, in predicting two critical 

factors in pavement performance: pavement temperature and subgrade moisture content. 
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Machine learning and deep learning, both subsets of AI, offer promising approaches to 

enhancing our understanding of pavement performance. Compared to conventional methods, 

these AI techniques have the advantage of automatically identifying patterns within complex 

datasets and building predictive models without the need for manual intervention (Baĸtanlar 

and Özuysal, 2014). 

Pavement temperature is a vital parameter affecting the performance and durability of road 

infrastructure. Several studies have demonstrated the effectiveness of machine learning models 

in predicting pavement temperature. For instance, Xu et al. (2017) introduced an improved 

Back Propagation neural network model capable of accurately forecasting pavement 

temperature for the next three hours. Milad et al. (2021) explored the application of deep 

learning-based regression models, highlighting the superior performance of Bidirectional Long 

Short-Term Memory (LSTM) algorithms in predicting asphalt pavement temperature. 

Similarly, Molavi Nojumi et al. (2022) employed a machine learning model to predict daily 

average, maximum, and minimum pavement temperatures within the asphalt layer, achieving 

impressive R2 values above 0.95. Tabrizi et al. (2021) utilized Convolutional Neural Networks 

(CNN) to forecast hourly pavement surface temperature with predictions closely aligned with 

measured values. While these models have shown remarkable accuracy, it's important to note 

that they predominantly focus on pavement temperature within the asphalt layer. 

Subgrade moisture content is a critical factor in determining the load-bearing capacity of the 

subgrade, influencing stress distribution and structural characteristics (ARA., 2004). Predicting 

subgrade moisture content is challenging but crucial for pavement performance. Although 

limited, there have been some attempts to employ AI techniques in this domain. For example, 

D'Amico et al. (2010) utilized artificial neural networks to estimate unsaturated moisture 

content within the subgrade by analyzing ground-penetrating radar signals. Similarly, Xing et 

al. (2017) harnessed remote satellite images to train an artificial neural network for predicting 
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general surface soil moisture. However, these studies primarily focused on general soil 

conditions, neglecting the specific influence of pavement layers. 

Despite promising advancements in predicting pavement temperature and some limited work 

on subgrade moisture content, there remains a considerable research gap. Existing models 

predominantly concentrate on pavement temperature within the asphalt layer, overlooking 

temperature variations in base and subgrade layers. This limitation hinders a comprehensive 

understanding of pavement performance since temperature and moisture content in granular 

layers significantly impact road infrastructure (ARA., 2004; Bayat, 2009; Bohra et al., 1999; 

Haghi et al., 2016; Hall and Rao, 1999; Olidis and Hein, 2004; Popik et al., 2005; Utilities, 

1997). 

In conclusion, the application of machine learning and deep learning in predicting pavement 

performance, specifically pavement temperature and subgrade moisture content, represents a 

promising avenue for improving transportation infrastructure management. Machine learning 

models have shown impressive accuracy in temperature prediction, but their application to 

subgrade moisture content prediction remains relatively unexplored. Addressing these research 

gaps can lead to more effective pavement design, maintenance, and management strategies, 

ultimately enhancing the longevity and performance of road infrastructure. As computational 

capabilities continue to advance, AI-driven approaches hold great potential for revolutionizing 

the field of pavement engineering. 

2.6. FWD TEST 

Non-destructive tests, such as Falling Weight Deflectometer (FWD) testing, play a pivotal role 

in the structural evaluation and determination of pavement layer moduli for both flexible and 

rigid pavements (Shahin, 2005; Dore and Zubeck, 2008; Haas et al., 2015). FWD testing 

involves applying an impulsive load to the pavement surface by releasing a specific weight 
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from a predefined height onto a circular loading plate. Concurrently, surface geophones are 

strategically positioned at various lateral offsets from the loading plate to record the resulting 

deflection data induced by this dynamic load (see Figure 2-8). Structural pavement 

instrumentation, including FWD testing, offers valuable insights into how pavement layers 

respond to external loading, making it a valuable tool for pavement assessment. 

 
Figure 2-8: Arrangement of FWD equipment and sensor positions during field testing  

The IRRF test road has extensively employed FWD testing due to its non-destructive nature. 

This method emulates dynamic loading similar to that experienced by moving vehicles and 

captures surface deformations at varying distances from the load plate. A study by Tholen et 

al. (1985) demonstrated the consistency of FWD testing results with real pavement loading and 

behavior, underscoring its applicability across a wide range of pavements. One common 

application of FWD results is the backcalculation of pavement structural bearing capacity, a 

critical determinant of pavement performance. Pavements with inadequate structural bearing 

capacities are prone to issues such as crocodile cracks, lateral cracks, and reduced pavement 

lifespan due to increased bending under traffic loads (Dong and Huang, 2015). 

The subgrade modulus, a crucial factor in pavement performance, is significantly influenced 

by subgrade moisture content. The IRRF test road, located in an area subject to annual freeze-

thaw cycles and subgrade weakening during spring thaw, experiences a distinctive moisture 

pattern. In winter, as temperatures drop, soil moisture freezes. Subsequently, during early 

spring, pavement temperatures begin to rise from top to bottom, leading to water accumulation 



    36 

in the subgrade due to limited sublayer permeability. This period witnesses the highest soil 

moisture content of the year, resulting in a low soil modulus. Past observations at the IRRF test 

road have revealed that excess subgrade water drains during the summer months (Haghi et al., 

2016; Hashemian and Bayat, 2018). To minimize the impact of soil water accumulation on the 

results, this study intentionally selected FWD test data from the summer season. Monthly FWD 

testing has been carried out at the IRRF test road, consistently yielding similar results across 

various test dates. To streamline data presentation and enable meaningful comparisons, this 

study primarily focuses on one annual test, representative of the overall findings.  
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CHAPTER 3. THE INTEGRATED ROAD RESEARCH FACILITY  

TEST ROAD 

In response to the distinct challenges faced by pavement in cold regions due to environmental 

factors, a collaborative initiative involving the University of Alberta, Alberta Transportation, 

Alberta Recycling, the City of Edmonton, and the Canada Foundation for Innovation led to the 

establishment of the Integrated Road Research Facility (IRRF) test road in Edmonton, Alberta, 

in 2012. This endeavor aimed to comprehensively investigate the impact of cold weather on 

pavement performance, filling a critical research gap. Construction of the IRRF test road 

spanned from May 2012 to October 2013, and it was opened to public traffic in mid-October 

2015, with garbage trucks constituting a notable portion, roughly 10 to 20%, of the total traffic. 

Situated at the entrance to the Edmonton Waste Management Center (EWMC), the IRRF test 

road is located approximately 15 km from downtown Edmonton. 

The IRRF test road spans a length of approximately 500 meters and comprises two lanes. 

Figure 3-1 illustrates the structural components of the IRRF test road, with a 0.45-meter 

granular base layer (GBC) overlying the subgrade layer and a 0.25-meter hot mix asphalt 

(HMA) layer atop the GBC layer. To gather traffic-related data, a weigh-in-motion (WIM) 

system was installed, and data collected between 2016 and 2019 revealed an average daily 

traffic volume of 368 garbage trucks. The IRRF test road is divided into three distinct sections: 

the insulated section, the control section, and the tire section. 

The insulated section serves as a platform to evaluate the performance of bottom ash as an 

insulation layer. In this section, bottom ash is employed as the insulation material and is placed 

beneath the base layer and above the subgrade layer, approximately 70 cm below the pavement 

surface. Within the insulated sections, three variations exist, including a 1-m bottom ash layer 

(BA), a 0.10-m polystyrene layer (Poly-10), and a 0.05-m polystyrene layer (Poly-5), which 
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are positioned between the GBC and subgrade layers. Notably, the section with the 5-cm 

polystyrene layer is left uninstrumented to avoid abrupt temperature transitions between the 

control and Poly-10 sections, resulting in the absence of data collection. 

To assess the suitability of recycled tires as pavement embankment materials, three sections of 

the test road utilize Tire-Derived Aggregate (TDA) sourced from Passenger Light Truck Tires 

(PLTT), TDA from Off-the-Road Tires (OTR), and a mixture of TDA from PLTT and soil (as 

depicted in Figure 3-1). During construction, PLTT and soil were mixed onsite in a 50:50 

volume ratio. All TDA backfill materials were enveloped in a nonwoven geotextile to prevent 

mixing with the surrounding soil. To mitigate internal heating of the TDA, a 0.5-meter layer 

of native soil was placed between two 3-meter TDA layers. Following three years of 

monitoring, no internal heating was observed within the tire layers, leading to the subsequent 

addition of a 1-meter layer of native soil atop the TDA layer. 

 

(a) 
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(b) 

Figure 3-1: (a) Test and control sections in the IRRF test road and (b) the cross-section of the 

IRRF test road 

The granular base layer (GBC) is characterized as well-graded gravel in accordance with 

ASTM C 136-06 and the Unified Soil Classification System. In contrast, the subgrade soil 

exhibits clayey sand properties, as detailed in Figure 3-2. The subgrade has moderate frost 

susceptibility, with approximately 27% and 21% of the subgrade soil (by weight) passing 

through 0.075 mm and 0.02 mm sieves, respectively. Notably, the subgrade soil features a 

liquid limit of 25% and a plastic index of 9%. The insulation layer employs bottom ash with a 

maximum particle size of about 5 mm and is devoid of significant lumps and impurities. 

Moreover, based on material weight, the bottom ash contains less than 5% unburned coal 

particles. 
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(a) 

 
(b) 

Figure 3-2: Particle size distribution in (a) granular base course layer and (b) subgrade layer 

3.1. INSTRUMENTS 

The IRRF test road was equipped with CS650 time domain reflectometers (TDRs) from 

Campbell Scientific Canada in Edmonton, Alberta, Canada. These TDRs, in conjunction with 

other sensors, were employed to monitor both pavement temperature and moisture content at 

various depths. Additionally, Thermistors (specifically Model 109AM-L from Campbell 

Scientific) were utilized for pavement temperature measurements. Data gathered by the 

thermistors and TDRs were recorded and stored using a CR1000 datalogger. The datalogger 

was programmed to collect data from each of the sensors at 15-minute intervals. To facilitate 

data analysis, information from the IRRF test road sensors was remotely accessed from an on-

site computer. Furthermore, an off-site computer located at the University of Alberta was used 

for in-depth data analysis. 

The TDRs employed the Topp equation (Topp et al., 1980) to calculate volumetric water 

content (VWC) based on the bulk dielectric permittivity of the soil (KŬ), as illustrated in 

Equation 3-1: 

ὠὡὅ υȢσ ρπ ςȢωςρπὑ υȢυ ρπὑ τȢσ ρπὑ  Equation 3-1 

Here, VWC (m³/m³) represents volumetric water content, and KŬ denotes the bulk dielectric 

permittivity of the soil. The speed of electromagnetic wave propagation in the porous medium 

depends on its dielectric permittivity. As water content increases, the speed of propagation 

decreases or the time for an electromagnetic wave to traverse from one end to another increases. 
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This principle underlies the "Time Domain Reflectometer" probe. Laboratory tests were 

conducted to calibrate the VWC using soil samples collected from the IRRF test road. The 

permittivity of water is influenced by temperature and water is the main contributor to soil 

permittivity, so the soil permittivity is temperature dependent.  

To eliminate the temperature-dependent nature of the measured results, Equation 3-2 (Haghi, 

2019) was applied: 

ὠὡὅ ὠὡὅȾπȢππψτὝ ςρ πȢωωσφ Equation 3-2 

where 21°C was used as the base point to calibrate the permittivity, VWC21 (m
3/m3) signifies 

soil permittivity with the temperature effect factored out, and T (°C) represents the temperature 

of the sample. It is important to note that soil permittivity is also influenced by soil type and 

soil compaction. 

Calibration for the granular base course and subgrade materials was carried out using Equations 

3-3 and 3-4 (Haghi, 2019). 

ὠὡὅ ρȢσσψὠὡὅ πȢπωπρ Equation 3-3 

ὠὡὅ ρȢρφρωὠὡὅ ςυȢςωφ Equation 3-4 

where VWCGBC (m3/m3) represents volumetric moisture content in the GBC layer, and 

VWCsubgrade (m
3/m3) signifies volumetric moisture content in the subgrade layer. Notably, the 

TDRs primarily captured variations in liquid water content during the winter season (Huang et 

al. 2023a). 

3.2. DATA AVAILABILITY  

The IRRF test road has served as a focal point for long-term research endeavors, and numerous 

studies conducted during its early stages have laid a robust foundation for this investigation. 

Early contributions to the understanding of the IRRF test road include the following key studies: 
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¶ Nassiri et al. (2013) conducted a comparative analysis of FWD test results collected in 

2012, providing insights into the initial conditions of various sections. 

¶ Meles et al. (2016) examined the influence of different tire embankments on load-

bearing capacity using FWD test results obtained on August 28, 2013. 

¶ Hashemian and Bayat (2018) delved into the resilient modulus of pavements 

constructed with different tire embankment materials, comparing them to the control 

section. 

¶ Haghi (2019) investigated the impact of bottom ash on pavement temperature variations, 

utilizing data collected from October 2012 to June 2013. Additionally, seasonal effects 

on the load-bearing capacity of pavements featuring insulation layers were explored 

using FWD data collected from July 2014 to July 2015. 

Chapter Breakdown and Data Usage: 

Chapter 4 leveraged pavement temperature and moisture content data acquired during several 

time intervals: October 2016 to January 2018, July to September 2018, and April 2019 to April 

2020. The focus was on assessing the long-term performance of bottom ash (100 cm) and 

extruded polystyrene board (10 cm) as insulation layers for HMA pavement. 

Chapter 5 harnessed pavement temperature data collected at depths ranging from 0.5 to 2.7 

meters below the road surface, spanning from January 2013 to February 2020. These data were 

instrumental in training and validating machine learning models. 

Chapter 6 utilized pavement temperature data gathered from the HMA, GBC, and subgrade 

layers, covering the period from January 2013 to August 2020. These data were employed for 

training and validating machine learning models. 
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Chapter 7 was dedicated to the development of machine learning models for predicting 

pavement temperature in the presence of insulated layers. Data from January 2017 to April 

2020 formed the basis for these models. 

Chapter 8 focused on training machine learning models for moisture content prediction at the 

base and subgrade layers, utilizing moisture content data collected from January 2013 to 

December 2017. 

Chapter 9 harnessed the entirety of available pavement temperature and moisture content data 

from depths of 0.5 to 2.7 meters below the road surface, spanning from January 2013 to January 

2018, for training deep learning models. 

Chapter 10 employed FWD test results acquired on August 18, 2015, and August 20, 2020, to 

compare structural capacity changes across various tire and insulated sections of the test road. 

Data Availability and Challenges: 

The availability of data crucial to this study is comprehensively detailed in Tables 3-1 and 3-

2. The data underwent transformation into daily values. Initially, the data were utilized to assess 

environmental impacts and the effects of insulation materials on pavement performance. 

Subsequently, all accessible data were employed in the training and validation of machine 

learning models. 

However, it is worth noting that the harsh winter climate in Edmonton, coupled with traffic 

loading and technical issues with the data collection system, led to intermittent data recording 

by several sensors. Additionally, certain time periods experienced data gaps in temperature 

information. For consistency, all environmental parameters were sourced from the nearest 

Environment Canada weather station, Oliver ADGM, situated 6 km from the test road location. 
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Table 3-1: Temperature data availability for different pavement test sections. 

Depth (m) Start Date End Date Number of data points 

(a) Control section 

0.02 Aug. 2014 Aug. 2016 731 

0.09 Aug. 2014 Aug. 2016 731 

0.17 Aug. 2014 May. 2020 2084 

0.25 Aug. 2014 Dec. 2016 855 

0.50 Jan. 2013 Jun. 2020 1849 

0.70 Jan. 2013 Jul. 2020 1769 

0.80 Jan. 2013 Dec. 2019 1554 

1.80 Jan. 2013 Aug. 2020 1904 

2.70 Jan. 2013 Dec. 2017 1402 

(b) Bottom ash section 

0.72 Jan. 2017 Mar. 2020 765 

1.40 Jan. 2017 Feb. 2020 758 

1.85 Jan. 2017 Apr. 2020 760 

2.83 Jan. 2017 Feb.2020 760 

3.36 Jan. 2017 Mar. 2020 784 

(c) Polystyrene section 

0.64 Jan. 2017 Feb. 2020 760 

0.80 Jan. 2017 Feb. 2020 757 

1.80 Jan. 2017 Feb. 2020 760 

2.25 Jan. 2017 Jul. 2019 547 

3.22 Jan. 2017 Feb. 2020 757 
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Table 3-2: Availability of moisture content data for the control section. 

Depth (m) Start Date End Date Number of Points 

0.50 2013.11 2016.03 605 

0.70 2013.11 2016.03 448 

0.80 2013.01 2015.04 710 

1.80 2013.01 2018.01 1023 

2.70 2014.01 2017.12 1055 
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CHAPTER 4. LONG-TERM ANALYSIS OF ENVIRONMENTAL 

FACTORS VARIATIONS IN THE TEST SECTIONS 

This section has been published as Huang, Y., Molavi Nojumi, M., Hashemian, L. and Bayat, 

A., 2021. Performance evaluation of different insulating materials using field temperature and 

moisture data. Transportation Research Record, 2675(9), pp.595-607. 

4.1.  ABSTRACT 

Including insulation layers in pavement structures has become a common strategy to minimize 

frost penetration in cold regions. This study investigated the performance of two different 

insulation materials, extruded polystyrene board and bottom ash, in a test road in Edmonton, 

Alberta, Canada, eight years after construction. The two insulation materials were used in a 

fully instrumented test road, including three insulated sections 20 m in length. The insulated 

sections are as follows: the first section has 1m of bottom ash (B. Ash), the second section has 

a 10 cm polystyrene layer (Poly-10), and the third section has a 5 cm polystyrene layer (Poly-

5). Both B. Ash and polystyrene layers were placed on top of the subgrade layer, at a depth of 

70 cm from the surface. A conventional section next to these three sections was used as the 

control section. Volumetric water content data and temperature variation were used to analyze 

the influence of the insulation materials on the subgrade. It was concluded that both B. Ash 

and Poly-10 layers protected the subgrade from freezing. The Poly-10 section showed the 

lowest rate of change in subgrade temperature during the monitoring period. B. Ash and Poly-

10 reduced the frost depth by 23% and 70% compared with the control section, respectively. It 

was concluded that Poly-10 protected the subgrade soil from freezing and excessive moisture 

more effectively than B. Ash; however, the temperature in the layer above the insulation layers 

(pavement base layer) was significantly lower during winter for the Poly-10 section. 
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Keywords: volumetric moisture content, temperature, bottom ash, polystyrene, insulation 

layer, pavement structure 

4.2. INTRODUCTION  

In cold regions, pavements are subject to harsh conditions, including long periods of extreme 

cold temperatures, as well as freeze-thaw cycles during spring. In the winter, as both the air 

and pavement temperatures drop, ice lenses form in the base and subgrade, which can result in 

differential frost heave on the pavement surface. In particular, a sudden change in moisture 

occurs when the temperature drops below 0 (Teltayev and Suppes, 2019), the freezing point 

of water. As the temperature increases in the late winter, ice lenses in the pavement begin to 

melt. While the sublayer is still frozen, its permeability remains low, and excess water 

accumulates, which generally leads to a higher moisture content in the sublayer during the 

thawing period. Since both unbound pavement materials and thin pavement structures are 

sensitive to moisture variation, the higher moisture content in the thawing period can 

potentially lead to lower load capacity (Miller et al., 2012, 2015; Salour, 2015). Thus, 

pavements in cold regions typically exhibit premature damage, and have shorter service lives 

and higher maintenance costs, among other issues (Tighe et al., 2006).  

The use of insulation layers in pavement structures has been a standard method used to protect 

pavement structures from extremely cold conditions. Polystyrene has been used as an 

insulation layer to protect pavement structures in many cold regions since 1967 (Penner, 1967). 

Previous studies have shown that a 5-cm layer of polystyrene can significantly reduce both 

thaw depth and frost heave. Moreover, case studies on pavement settlement also showed that, 

for pavement sections with polystyrene insulation layers, settlement was lower than for 

pavement sections with a standard design (Esch, 1973; Hayden and Swanson, 1972; Tatarniuk 

and Lewycky, 2011). Currently, a more environmentally friendly insulation material, bottom 

ash, has also been used in pavement construction. Bottom ash is a byproduct of electricity 
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generation by combustion of coal, and is mainly composed of silica, alumina, and iron. 

However, research on the use of bottom ash as an insulation layer to protect the subgrade from 

frost heave in cold regions only began two decades ago (Hashemian and Bayat, 2016). 

Researchers at the Integrated Road Research Facility (IRRF) designed and constructed a test 

road located in Edmonton, Alberta, Canada in 2012, with a section of the road used to 

investigate the long-term performance of bottom ash as an insulation layer. Studies were 

conducted on the thermal performance of the bottom ash section over a one-year period, the 

effect of difference insulation materials on the load-bearing capacity of the pavement, 

pavement strength in different seasons, and damage evaluation of pavement with different 

insulation layers. The results of this series of studies (Haghi et al., 2014) indicate that insulation 

layers can block heat exchange between the base layer and subgrade layer and reduce the frost 

depth compared to the control section. However, it was found that the bottom ash not only 

protected the subgrade from frost heave in winter, but that the section insulated using bottom 

ash also had a higher load-bearing capacity in non-freeze/thaw conditions than the section 

insulated with a polystyrene layer (Haghi et al., 2016, 2018). The pavement section insulated 

with bottom ash also had a lower risk of fatigue cracking than the control section (Haghi et al., 

2019).  

Polystyrene board is a traditional insulation material, and much literature has already illustrated 

its use for various applications. Recently, with economic development and increased 

environmental awareness, road construction is increasely inclined to adopt more sustainable 

and environmentally friendly practices and materials. Bottom ash is a recycled material, so it 

may have less environmental impact than polystyrene. Although researchers have already 

investigated how bottom ash influences temperature distribution in the pavement structure 

(Haghi et al., 2014, 2016), only one or two years worth of data from immediately after 

completion of the IRRF test road construction was available and no traffic loading data 
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available at that time. The IRRF test road has now been open to public traffic for over eight 

years, with detailed information about traffic patterns available from the time that it was opened. 

In previous studies on the insulated test sections, moisture content variation that has a 

significantly influence on pavement load capacity also was rarely involved. The primary 

purpose of this study is to investigate the long-term thermal performance of each of the test 

road sections (containing either bottom ash or polystyrene as an insulation layer) under field 

conditions and thus determine how the insulation material influences the moisture content in 

the subgrade.  

Studies by other researchers have indicated that slippery conditions formed on a surface with 

an insulation layer, while an adjacent conventional surface remained dry (Côté and Konrad, 

2005, 2006). A test road in Québec City was used to measure the rate of surface cooling of the 

pavement. In this case, the pavement had one layer of a granular material as a base course on 

top of a clayed silt subgrade soil. For the uninsulated section, a 7-cm layer of hot mix asphalt 

(HMA) was placed on a 48.5-cm layer of granular material (base course). In the insulated 

section, the thickness of the HMA layer and the base course were the same as for the 

uninsulated section, but a 5-cm polystyrene layer was placed at a depth of 21 cm. Compared to 

the adjacent uninsulated pavement, the surface cooling rate of the pavement with a 5-cm 

polystyrene layer was drastically increased when a freezing front reached and stayed in the 

polystyrene layer. The surface cooling rate was 0.20 to 0.37 C̄/hr for the uninsulated pavement, 

whereas the surface cooling rate reached 0.46 to 0.59 C̄/hr in the insulated pavement (Côté 

and Konrad, 2002). In the case of the IRRF test road, no sensors were installed in the HMA 

layer of the polystyrene section and the bottom ash section, so similar data regarding cooling 

rates of insulated and non-insulated test sections is not available.  
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4.3.  BACKGROUND  

The IRRF test road is an access road to the Edmonton Waste Management Center (EWMC) 

and is located 15 km from downtown Edmonton. The test road consists of two lanes and is 

about 500 meters long, with a pavement width of 14.1 m and a pavement slope of 4:1. 

Construction of the test road took place in two stages (as shown in Figure 4-1). The first stage 

took place from May 2012 to August 2012, when a 16-cm layer of HMA was completed. The 

second stage took place in October 2013, with the existing HMA layer topped with another 9 

cm of HMA. The test road has been open to public traffic since 2015 (mid-October), with 

garbage trucks accounting for 10 to 20% of all traffic. Weigh-in-motion (WIM) systems 

installed on the test road have been collecting data since June 2015. Based on WIM data, the 

average daily traffic was 745 in 2015, 2312 in 2016, and 2548 in 2019. Average daily traffic 

increased by 10% from 2016 to 2019. 

As shown in Figure 4-1, there are three insulation sections and one control section in the test 

road. Each of the sections is 20 m long, and all sections are composed of 25 cm of HMA on 

top of a 45 cm granular base course (GBC) layer. The required pavement thickness was 

calculated based on traffic loading. Bottom ash was used as an insulation layer in one section 

of the test road. Closed-cell Styrofoam Highload 100 extruded polystyrene boards, provided 

by Dow Chemical Company, were used in the polystyrene test sections. Insulation layers were 

intended to protect the subgrade layer from freezing; thus, the insulation layer was placed under 

the base layer and on top of the subgrade layer (at a depth of 70 cm from the pavement surface). 

Figure 4-1 shows the first section, from Station 130 + 240 to 130 + 260, which is the control 

section. The control section, which has no insulation layer, is used for comparing the variation 

in temperature and moisture content. In the three insulated sections, a 100-cm bottom ash layer 
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(B. Ash), a 10 cm polystyrene layer (Poly-10), and a 5 cm polystyrene layer (Poly-5) are located 

between the GBC and subgrade layers. The purpose of the section containing the 5 cm 

polystyrene layer is to avoid a sudden temperature change between the control section and the 

Poly-10 section and thus this section is not instrumented (i.e., no data is collected). 

 

Figure 4-1: Cross section of pavement layers and as-built depth of thermistors and moisture 

probes 

Note: HMA = hot mix asphalt; GBC = granular base course; TDR = time domain 

reflectometer. 

Based on ASTM C 136-06 and the Unified Soil Classification System, the GBC layer is well-

graded gravel, and the subgrade soil is clayey sand. The subgrade is moderately frost-

susceptible. Approximately 27% and 21% of subgrade soil (by weight) passed through a 0.075 

mm sieve and a 0.02 mm sieve, respectively. The liquid limit of the subgrade soil is 25%, and 

the plastic index is 9%. The bottom ash used for the insulation layer had a maximum particle 

size of about 5 mm, and did not contain large lumps and impurities. According to the weight 

of the material, the amount of unburned coal particles in the bottom ash was less than 5%. 
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The thermal resistivity, R, of the insulation materials is defined by Equation 4-1: 

R-value = D / k Equation 4-1 

where D is the layer thickness, and k is the thermal conductivity. R is generally used to compare 

the resistance of a material with conducting heat (i.e., a material with higher R value shows 

that a material is more effective as insulation). For bottom ash, R is equal to 1.43 m2ȪC/W, 

while for the 10 cm polystyrene board, the R is 16.67 m2ȪC/W (Klein et al., 2003), as in Table 

4-1. 

Table 4-1: Properties of materials used in integrated road research facility test road 

construction. 

Material  Cp (kJ/kgȪC) k (W/mȪC) 
R value 

(m2ȪC/W) 

Density 

(ton/m3) 
Reference 

Hot mix 

asphalt 
0.92 1.21 0.13 2.35 

Thompson et 

al. (1987) 

Granular base 

course 
0.71 0.90 0.50 2.10 

Thompson et 

al. (1987) 

Subgrade soil 0.71 0.60 n/a 1.85 
Thompson et 

al. (1987) 

Bottom ash 0.80 0.70 1.43 0.34 
Klein et al. 

(2003) 

Polystyrene 1.25 0.006 16.67 n/a 
Haghi et al. 

(2014) 

Note: Cp = specific heat at constant pressure; k = thermal conductivity; n/a = not applicable. 

 

During construction of the IRRF test road, 109AM-L thermistors and CS650 time domain 

reflectometers (TDRs) were installed to monitor variation in temperature and moisture content. 

The thermistors only capture the temperature, whereas the TDRs record both temperature and 

volumetric water content (VWC) (i.e., water that is not frozen). As shown in Figure 4-1, one 

thermistor was placed at a depth of 0.18 m in the middle of the HMA layer in the control section, 

while no sensors was installed in the HMA layer in both B. Ash and Poly-10 sections. Two 

TDRs were installed in the GBC layer, and three TDRs were installed in the subgrade layer at 
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a depth of 2.65 m from the top of the subgrade. In the B. Ash section, there are five thermistors, 

one in the GBC layer, one in the bottom ash layer, and three in the subgrade layer. There is a 

TDR installed in the B. Ash section at a depth of 1.85 m from the pavement surface. There are 

also five thermistors in the Poly-10 section: one at the bottom of the GBC layer, and four others 

in the subgrade layer, along with two TDRs. One TDR is located at a depth of 0.75 m from the 

pavement surface and just below the 10 cm polystyrene, and the other one was installed 1 m 

below this. All VWC data collected was adjusted using a formula determined by calibration of 

the TDRs in the laboratory. The temperature and VWC data collected by the thermistors and 

TDRs was stored using a CR1000 datalogger, which was programmed to collect data from each 

of the sensors at 15 min intervals. Data is retrieved from the IRRF test road sensors by remote 

access from an on-site computer, with an off-site computer at the University of Alberta used 

for analysis of the data. 

Precipitation is one of the most critical factors influencing moisture content variation in warm 

wet regions, with its effect decreasing with increasing depth (Hedayati and Hossain, 2015). 

However, in cold dry regions (such as Edmonton), the moisture content variation is dominated 

by temperature instead of precipitation. For example, in Figure 4-2, the moisture content 

variation (as measured using a TDR-CS-1 at a depth of 0.48 m, in the GBC layer) is shown for 

2015, as well as precipitation. The observed trend is that moisture content dropped in fall, 

remained at a low level through winter, and increased in spring. Through summer, the moisture 

content was high.  
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Figure 4-2: Moisture content variation at a depth of 0.48 m (in granular base course layer) 

and precipitation over time (2015 data) 

Note: VWC = volumetric water content. 

4.4. DATA  COLLECTION AND ANALYSIS  

4.4.1. Control  Section 

Ambient temperature data were collected from the Oliver AGDM weather station, which is the 

weather station that is closest to the Edmonton Waste Management Centre (there is a distance 

of about 6 km between the IRRF test road and the weather station, as determined using Google 

maps). From 2012 to 2020, the average air freezing index was 1177 C̄·day,  and the air average 

thawing index was 662 ̄C·day, based on air temperature recordings collected at Oliver AGDM 

over this time period. The daily ambient temperature over 42 months, along with the 

temperature measured in the base and subgrade layers, are shown in Figure 4-2. From October 

2016 to April 2020, the maximum average daily ambient temperature (24 h average) was 23̄C 

and the minimum average daily ambient temperature (24 h average) was 

-38̄ C (January 14, 2020). 

Figure 4-3 illustrates the temperatures of the base and subgrade layers of the control section 

from October 2016 to April 2020. As a result of technical issues, temperature data for February 

2018 to June 2018 and September 2018 to March 2020 are missing for all sections. The 

temperature data for the base layer and the subgrade layer were collected using a TDR-CS-2 
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and a TDR-CS-4. The as-built depths for the TDR-CS-2 and TDR-CS-4 sensors are 0.67 m 

and 1.79 m from the pavement surface, respectively. Temperature data, which was collected 

from the sensors every 15 minutes, were used to calculate the average daily temperature. The 

temperature in the base layer was observed to change synchronously with ambient temperature, 

but the change in subgrade temperature lagged behind. The lowest temperature recorded in the 

base layer was -14̄ C (January 18, 2020). The temperature of base layer was below 0̄ C from 

November to April, however, the subgrade temperature remained between -1 C̄ and 0̄C from 

January to April. 

 

Figure 4-3: Daily ambient temperature and average daily temperature from sensors installed 

in the base layer and the subgrade layer (control section) 

Figure 4-4 indicates the variation in temperature with depth from February 2017 to January 

2018 for the control section. As seen in Figure 4-4, the range in temperature values decreases 

with increasing depth. The temperature in the HMA layer (at a depth of 0.18 m) varies from -

23̄ C to 32̄C, whereas the temperature variation at a depth of 2.70 m is between 1C̄ and 16̄C. 

The base layer stays frozen from November to March, while the subgrade layer is frozen from 

January to March. As seen in Figure 4-4, freezing can be observed in the subgrade in colder 

months (as early as October and as late as April). Although the range of temperature variation 
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decreases with increasing depth, temperatures below 0C̄ are observed in the subgrade until a 

depth of 2.1 m is reached. 

 

Figure 4-4: Temperature variation with depth in the control section of the Integrated Road 

Research Facility test road 

VWC in the various layers was determined using TDRs (excluding frozen water) and subgrade 

temperature. Once the temperature drops below 0C̄, the form of water changes from liquid to 

solid, so when the subgrade temperature goes below 0C̄ in the winter, VWC decreases 

(Teltayev and Suppes, 2019). Later, when the subgrade temperature increases above 0C̄, VWC 

spikes, and, due to inadequate drainage of the lower frozen soil in spring, the moisture content 

reaches the highest value of the year. As the accumulated water slowly drains and evaporates, 

VWC falls to a more stable value. 

Figure 4-5 (a) shows the daily pavement temperature and VWC for the control section at a 

depth of 0.80 m (the as-built depth of the sensor TDR-CS-3 is 0.83 m). The subgrade 

temperature varied from -10̄ C to 28̄C, and VWC ranged from 0.03 m3 H2O/m3 to 0.39 m3 

H2O/m3. At the top of the subgrade layer, VWC started to drop in December, reached its 

minimum in about February and increased to its highest value in March. 
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Figure 4-5: Volumetric water content (VWC) and temperature in the control section: (a) 

depth of 0.8 m and (b) depth of 1.8 m 

Figure 4-5 (b) shows the daily pavement temperature as well as VWC for the control section 

recorded by TDR-CS-4, which is installed 1 meter below TDR-CS-3 in the subgrade layer (the 

as-built depth for TDR-CS-4 is 1.82 m). From 2014 to 2015, the temperature of the pavement 

varied between -2 C̄ and 22̄C and VWC ranged from 0.06 m3 H2O/m3 to 0.36 m3 H2O/m3. At 

a depth of 1.8 m from the pavement surface in the control section, VWC was observed to 

decrease in February, reach its minimum in February 2014 and March 2015, and reach its 

maximum in May 2014 and 2015. 

4.4.2. Bottom Ash Section 

Figure 4-6 shows the average daily temperature for the base and subgrade layers in the section 

of the IRRF test road insulated using bottom ash (for October 2016 to April 2020). The 

recordings were recorded by the sensors TH-B. Ash-1 and TH-B. Ash-3 (see Figure 4-1), with 

as-built depths of 0.72 m and 1.80 m. The maximum base temperature observed was 28C̄ in 

July, and the minimum base temperature was -17̄ C on January 17, 2020. Over the same time 

period, the temperature in the subgrade layer varied from 2̄ C to 15̄C, never dropping below 

0 C̄. 
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Figure 4-6: Daily ambient temperature and average temperature recorded at sensors installed 

in base layer (depth 0.72 m) and subgrade layer (depth 1.80 m) in Integrated Road Research 

Facility test road section insulated with bottom ash 

Figure 4-7 shows the temperature distribution in the test section insulated using 100 cm of 

bottom ash. Although the range of the temperature change also decreases with increasing depth, 

the subgrade temperature below the insulating bottom ash layer stays in a more stable range, 

because of the presence of the bottom ash layer. The temperature at the bottom of the GBC 

layer (at a depth of 0.60 m) varies from -10̄ C to 27̄C (a range of 37̄C), the temperature at a 

depth of 1.80 m varies from 2̄C to 15̄C (a range of 13̄C), and the temperature at a depth of 

3.2 m varies from 3̄C to 13̄C (a range of 10̄C). The GBC layer remains frozen from 

November to March. At the same time, the maximum frost depth of the B. Ash section was 

1.60 m and the temperature of the subgrade remained above 0̄C all year. 

 

Figure 4-7: Temperature variation along depth across pavement structure in the bottom ash 

section 
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Figure 4-8 presents VWC and daily average temperature recorded in the section of the test road 

insulated with bottom ash. The data was collected using the sensor TDR-B. Ash-1 (see Figure 

4-1) which is located at a depth of 1.85 m. VWC varied from 0.21 m3 H2O/m3 to 0.31 m3 

H2O/m3. The temperature of the subgrade below the bottom ash layer never dropped below 

0 C̄, so water in this layer does not freeze. This may be the reason that VWC did not show a 

drop as observed for VWC in the control section at the same depth. However, VWC showed a 

small decline from January 2013 to February 2013 and December 2013 to May 2014. In 

Hoekstraôs laboratory measurements of moisture content in unconsolidated undrained 

soil (Hoekstra, 1967), it was shown that moisture content migrates from thawed to frozen areas 

of soil when there is a moisture content gradient. According to Hazenôs equation, the 

coefficient of permeability can be expressed as in Equation 4-2: 

Ὧ ὅὈ  Equation 4-2 

where k is the coefficient of permeability (cm/s), C is a constant ranging from 0.4 to 1.2 

(typically assumed to be 1.0), and D10 is the grain size corresponding to 10% by weight passing, 

also referred to as the effective size (mm) (Hazen, 1892). In this work, C is assumed to be 1.0. 

The grain size corresponding to 10% by weight passing is 0.18 mm for the subgrade soil and 

3.79 mm for bottom ash. Therefore, for the subgrade soil, k is 0.03 cm/s, and for bottom ash, k 

is 14.36 cm/s. Thus, the coefficient of permeability of the subgrade soil is much lower than the 

bottom ash, thus it is possible for water to migrate from the subgrade to the bottom ash. In 

winter, the decline in moisture content observed at a depth of 1.8 m indicates that water 

migrated upwards to the bottom ash in the winter due to water suction. 
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Figure 4-8: Volumetric water content (VWC) and temperature in the bottom ash test section 

measured at a depth of 1.8 m 

4.4.3.  Polystyrene Section 

Figure 4-9 shows the base temperature and subgrade temperature in the IRRF test section 

insulated with 10 cm of polystyrene board from October 2016 to April 2020. The as-built 

depths of the sensors, as shown in Figure 4-1 , were 0.64 m (GBC layer), 0.75 m (subgrade 

layer), and 1.75 m (subgrade layer). The temperature observed at these three depths varied from 

-26̄ C to 31̄C, 1̄ C to 13̄C, and 3̄C to 11̄C, respectively. Below the Poly-10 layer, the 

subgrade temperature remained above freezing. The lowest base temperature, -26̄ C, was 

measured on January 16, 2020, and the highest temperature values were measured in July, 

August, and September for the base layer, the top of the subgrade, and one meter below the top 

of the subgrade, respectively. The hysteresis between ambient temperature and the temperature 

within the pavement structure increases with depth. 
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Figure 4-9: Variation in daily ambient temperature and average temperature over time at 

various depths in the 10 cm polystyrene test section 

Figure 4-10 presents the variation in pavement temperature with depth in the test section 

containing 10 cm polystyrene from February 2017 to January 2018. The temperature was 

recorded by five thermistors (as in Figure 4-1): sensor TH-Poly-1 is located in the GBC layer, 

with an as-built depth of 0.64 m, and sensor TH-Poly-2 is just below the polystyrene layer, 

with an as-built depth of 0.75 m. The temperature measured within the GBC layer indicates 

that it is frozen from November to March. The temperature variation measured by the 

thermistor TH-Poly-1 (GBC layer) ranges from -14̄ C to 26̄C, a difference of 40̄ C. In contrast, 

the temperature measured just below the polystyrene layer (by TH-Poly-2) ranges from 1̄C to 

12̄ C, a difference of 11̄C. The 10 cm polystyrene layer blocks heat exchange between the 

GBC layer and the subgrade layer, which leads the temperature to decrease rapidly with depth 

over a short distance (0.11 m). The yearly variation in temperature measured at depths from 

2.25 m to 3.25 m in the Poly-10 test section is less than 5̄C, as shown in Figure 4-10. 

Figure 4-11 shows the temperature and VWC measured just below the polystyrene layer (using 

TDR-Poly-1, which has an as-built depth of 0.75 m; see in Figure 4-1) from January 2013 to 

January 2017. The same data is shown for a depth 1 m below (measured using TDR-Poly-2, 

located at an as-built depth of 1.72 m) from January 2013 to January 2015. 
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Figure 4-10: Temperature variation along depth across pavement structure in the 10 cm 

polystyrene section 

 

Figure 4-11: Change of Volumetric water content (VWC) and temperature in the 10 cm 

polystyrene section at depths of (a) 0.8 m and (b) 1.8 m 
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means that no water suction occurs, and moisture does not migrate from the subgrade (where 

there is no freezing) to the frozen GBC layer. The deepest sensor in the Poly-10 section (TDR-

Poly-2) is at 1.72 m, and VWC varies from 0.27 m3 H2O/m3 to 0.29 m3 H2O/m3 at a depth of 

1.80 m, a difference of only 0.02 m3 H2O/m3. Thus, the VWC of the subgrade does not change 

as much in the test section insulated with 10 cm polystyrene. 

4.5. DISCUSSION 

Insulation materials block heat exchange between the base layer and the subgrade layer of the 

pavement structure, resulting in different base temperatures. The thermal characteristics of the 

three test sections are presented in Table 4-2. From February 2017 to January 2018, the 

maximum base temperature in the control section and the B. Ash section was 28°C, whereas 

the maximum base temperature in the Poly-10 section was 31°C, 3°C higher than the control 

section. From April 2019 to April 2020, the maximum base temperature in the control section 

was 26°C, 3°C higher than the B. Ash section and 2°C lower than the Poly-10 section. In the 

summer, the maximum base temperature difference observed between the control and B. Ash 

sections was 3°C. However, in the winter, the maximum base temperature difference observed 

between the control and Poly-10 sections was 12°C. Furthermore, in winter, the maximum base 

temperature difference between the control section and the B. Ash section was 3°C. The 

pavement structure containing the 10 cm polystyrene layer results in a much lower base 

temperature in winter, which negatively influences the pavement performance. Lower 

pavement temperatures in winter make the pavement more prone to low-temperature cracking. 

This is in contrast to the B. Ash section, which performs closer to the control section; thus, the 

bottom ash layer prevents low-temperature pavement damage more effectively. 
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Table 4-2: Thermal characteristics of integrated road research facility test road. 

Duration February 2017 to January 2018 April 2019 to April 2020 

Test section CS B. Ash Poly-10 CS B. Ash Poly-10 

Base 

temperature (°C) 
-12 to 28 -14 to 28 -24 to 31 -14 to 26 -17 to 23 -26 to 28 

Subgrade 

temperature (°C) 
-1 to 19 2 to 15 4 to 11 -1 to 18 2 to 4 3 to 10 

Temperature 

gradient (°C/m) 
-5.7 to 6.1 -2.6 to 1.4 -1.7 to 2.1 na 

-2.2 to 

1.2 

-1.3 to 

2.2 

Rate of base 

temperature 

change (°C/day) 

0.23 0.24 0.32 0.23 0.23 0.23 

Rate of subgrade 

temperature 

change (°C/day) 

0.12 0.12 0.03 0.10 0.31 0.31 

Rate of 

temperature 

change 

at deepest sensor 

(°C/day)  

0.07 0.04 0.03 n/a 0.12 0.12 

Note: CS = control section; B. Ash = bottom ash section; Poly-10 = 10 cm polystyrene 

section; na = not applicable. 

 

R was used to justify how insulation materials influence the temperature trend. R for the bottom 

ash layer is 1.43m2 °C/W, while R for the polystyrene layer is 16.67m2 °C/W, ten times that of 

the bottom ash layer. The polystyrene layer, with a higher R, blocks heat exchange and results 

in a much lower base temperature in winter. However, when used in road construction, the 

polystyrene layer is 10 cm thick, while the bottom ash layer is 100 cm thick. Thus, the 

temperature in the section insulated with a 10 cm polystyrene layer changed more rapidly. 

Because of the presence of insulation materials in the test sections, the sensors in the subgrade 

(depth 1.80 m) showed less temperature variation compared with the control section. During 

the monitoring period, the maximum difference observed in subgrade temperature was 20°C, 

13°C, and 7°C for the control section, B. Ash section and Poly-10 section, respectively. In the 
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same period, the bottom ash and 10 cm polystyrene layers had a lower difference in subgrade 

temperature, and in both cases the temperature of the subgrade remained above 0°C all year 

round. 

To compare the bottom ash layer and 10 cm polystyrene layer as insulation materials, the 

temperature gradient and temperature change rate were calculated, with the results summarized 

in Tables 4-2 and 4-3. The temperature gradient was calculated using Equation 4-3, 

ὝὩάὴὩὶὥὸόὶὩ ὫὶὥὨὭὩὲὸ
ЎὝ 

ЎὈ
 

Equation 4-3 

where DT1 is the difference in temperature (as measured by the shallowest and deepest sensors 

in the subgrade), and DD is the distance between the sensors. 

The rate of temperature change is calculated as in Equation 4-4, 

ὙὥὸὩ έὪ ὸὩάὴὩὶὥὸόὶὩ ὧὬὥὲὫὩ
ЎὝ

Ўὸ
 

Equation 4-4 

where DT2 is the temperature difference between the maximum and minimum temperatures 

over the time period, and Dt1 is the change in time. A lower value of temperature gradient or 

rate of temperature change in the subgrade layer demonstrates that the material works more 

effectively as an insulation layer. The comparison ratioðthat is, the ratio of difference in rate 

of temperature change between the test section and the control section to the rate of temperature 

change for the control sectionðis defined as in Equation 4-5. 

ὅέάὴὥὶὭίέὲ ὶὥὸὭέ
ὝὩάὴὩὶὥὸόὶὩ ὧὬὥὲὫὩ ὶὥὸὩ έὪ έὸὬὩὶ ίὩὧὸὭέὲὧέὲὸὶέὰ ίὩὧὸὭέὲ

ὝὩάὴὩὶὥὸόὶὩ ὧὬὥὲὫὩ ὶὥὸὩ έὪ ὧέὲὸὶέὰ ίὩὧὸὭέὲ
 

Equation 4-5 

Since there are no data available from sensor TDR-CS-5 between April 2019 and April 2020, 

as a result of technical difficulties, the temperature gradient for the control section and rate of 
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temperature change at a depth of 2.65 m for the control section are not available for that period. 

The temperature gradient for the control section is -5.7 to 6.1°C/m, while the same value ranges 

from -2.6 to 1.41°C/m and -1.7 to 2.1°C/m for the B. Ash and Poly-10 sections, respectively. 

For the next year when data are available (April 2019 to April 2020), the Poly-10 section has 

a lower temperature gradient than the B. Ash section. 

Table 4-3: Comparison of rates of temperature change of test sections with control section for 

different layers. 

 

February 2017 to 

January 2018 

April 2019 to April 

2020 
Average 

B. Ash 

(%) 

Poly-10 

(%) 

B. Ash 

(%) 

Poly-10 

(%) 

B. Ash 

(%) 

Poly-10 

(%) 

Rate of temperature 

change in base 
-4 -39 0 -35 -2 -37 

Rate of temperature 

change in subgrade 
0 75 -20 70 -10 73 

Rate of temperature 

change at 

deepest sensor (subgrade) 

43 57 na na 43 57 

Note: B. Ash = bottom ash section; Poly-10 = 10 cm polystyrene section; na: not applicable. 

The annual average rate of temperature change in the base layer was 0.23°C/day, 0.24°C/day, 

and 0.32°C/day, for the control section, B. Ash section, and Poly-10 section, respectively, from 

February 2017 to January 2018. The results for April 2019 to April 2020 did not change 

significantly, so the test section insulated with bottom ash performed similarly to the control 

section and better than the test section with the 10 cm layer of polystyrene. In the subgrade 

layer, the rate of temperature change in the control section was 0.12°C/day from February 2017 

to January 2018 and 0.10°C/day from April 2019 to April 2020. For the test section containing 

bottom ash, similar rates of temperature change were observed in the subgrade and the control 

sections. However, the rate of temperature change calculated for the polystyrene section was 

0.03°C/day, 73% less than for the control section. Thus, the test section insulated with a 10 cm 

polystyrene layer resulted in relatively more stable temperatures within the subgrade layer. 
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Considering the data recorded at the deepest sensor, although the rate of temperature change 

rate in the control section declined to 0.07°C/day, the rate of temperature change was still the 

lowest in the Poly-10 test section. The rate of temperature change at the deepest sensor was 

similar for the B. Ash and Poly-10 sections. Therefore, the results for the test section with the 

10 cm polystyrene layer had both the highest rate of temperature change in the base layer and 

lowest rate of subgrade temperature change. This indicates that the use of a 10 cm polystyrene 

layer as insulation within the road structure is beneficial for the subgrade but worse for the top 

layer. In contrast, the test section insulated with bottom ash not only resulted in protection of 

the subgrade layer, but also did not lead to lower temperatures in the top layers during winter. 

Overall, the bottom ash layer performed better as an insulation material than the 10 cm 

polystyrene layer. 

Maximum frost depths were obtained based on temperature data collected from February 2017 

to January 2018, as shown in Figure 4-12. The maximum frost depths were found to be 2.10 

m, 1.60 m, and 0.71 m for the control section, B. Ash section, and Poly-10 section, respectively. 

Thus, both bottom ash and polystyrene layers decreased the maximum frost depth and protected 

the subgrade layer below this depth from freezing. The bottom ash layer reduced the frost depth 

by 23%, and the polystyrene layer decreased the frost depth by 70%, indicating that the 

polystyrene layer performed best at protecting the subgrade. 
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Figure 4-12: Maximum frost depths for test sections from February 2017 to January 2018 

The moisture content and moisture content change ratios at a depth of 1.80m in the subgrade 

layer for the control, B. Ash, and Poly-10 sections are shown in Figure 4-13 and Table 4-4. 

Based on the temperature and VWC in the subgrade, the year can be divided into times in 

which the ground is frozen (frozen period), thawing (thawing period), and with no freezing or 

thawing (non-freezeïthaw period) (Haghi et al., 2018). Late summer, when the ground is 

drained and recovered, belongs to the non-freezeïthaw period. It is clear that only the control 

section freezes at a depth of 1.80 m from the pavement surface in the subgrade during winter, 

and both solid and liquid water was present in the subgrade layer. 

ὅὬὥὲὫὩ ὶὥὸὭέ
ὌὭὫὬὩίὸ ὠὡὅ ὒέύὩίὸ ὠὡὅ

ὒέύὩίὸ ὠὡὅ
 

Equation 4-6 

During the two monitoring periods, VWC is the most stable in the Poly-10 section, with the 

lowest change ratio, between 0% and 7%, while VWC in the B. Ash section shows the most 

significant change in moisture content, with a change ratio of 48% and 50%. The maximum 

values of VWC observed for the control section were 0.36m3 H2O/m3 in 2013 and 0.33m3 

H2O/m3 in 2014, which was higher than the maximum VWC observed in the B. Ash and Poly-

10 sections in May. Salem (2004) and Bayat (2009) have reported that there is an inverse 
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correlation between resilient modulus and soil moisture content. In Alberta, the lowest 

subgrade resilient modulus typically is observed in April and May (Utilities, 1997). Thus, the 

higher subgrade VWC in May leads to a lower load capacity for the control section. The bottom 

ash and polystyrene layers did protect the subgrade and avoid the lower load capacities in May. 

VWC was more stable and had a lower value in the Poly-10 section, so, with respect to load 

capacity, the polystyrene layer functioned better as an insulation layer than the bottom ash layer. 

Although extruded polystyrene board works effectively as an insulation material and is time 

saving for construction, previous studies have shown that it is not a cost-effective solution as 

an insulation material (Edgar et al., 2015; Haghi et al., 2016; Uzarowski et al., 2013). However, 

as a waste material, bottom ash may be an economical alternative as an insulation material for 

road construction, particularly in regions such as Alberta, where a large amount of bottom ash 

is produced as a byproduct of power generation. A previous study compared cost effectiveness 

and sustainability for a bottom ash layer and a 5 cm polystyrene layer in the IRRF test road. It 

was concluded that for frost depths between 1.7 and 3.5 m in the control section, using bottom 

ash would be more cost effective than polystyrene. Since the maximum frost depth in the IRRF 

test road was determined to be 2.10 m in that study, bottom ash was considered to be the more 

cost-effective material (Haghi et al., 2014, 2019). 
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Figure 4-13: Temperature and volumetric water content (VWC) at a depth of 1.8m (subgrade) 

for control section, bottom ash test section, and polystyrene test section 

Table 4-4: Moisture content and change ratio. 

Year 
Volumetric water content (m3 H2O/m3) Change ratio (%) 

CS B. Ash Poly-10 CS B. Ash Poly-10 

2013 0.26 to 0.36 0.21 to 0.31 0.27 38 48 0 

2014 0.25 to 0.33 0.20 to 0.30 0.27 to 0.29 32 50 7 

Note: CS = control section; B. Ash = bottom ash section; Poly-10 = 10 cm polystyrene 

section. 

 

When choosing material for an insulation layer within pavement, there are also other factors to 

be considered, such as pavement load-bearing capacity. Various reports in the literature (Haghi 

et al., 2016, 2018, 2019) discuss how bottom ash and polystyrene board influence structural 

capacity and pavement life. The use of 10 cm polystyrene board as an insulation layer in the 

IRRF test section could potentially result in a loss of 34% of the load-bearing capacity of the 

pavement structure compared with the control section, whereas the 100 cm bottom ash layer 

does not have a negative impact on the load-bearing capacity (Haghi et al., 2016). 

Since the IRRF test road was opened to traffic in 2015 (over five years ago), no visible 

pavement deflection has been observed for either the control section or the insulation sections. 
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Long-term monitoring of the IRRF continues, including visual inspections. While surface frost 

heaving and differential icing are other important considerations in the appropriate selection of 

insulation material, this would require regular on-site observations during winter and is beyond 

the scope of the project. 

4.6. CONCLUSIONS 

The ambient temperature collected from the Oliver AGDM weather station and temperature 

data recorded using sensors embedded in the IRRF test road in Edmonton, Alberta, from 

October 2016 to January 2018, July to September 2018, and April 2019 to April 2020, were 

used to investigate the long-term performance of bottom ash (100 cm) and extruded 

polystyrene board (10 cm) as insulation layers for HMA pavement. The bottom ash and 

polystyrene insulation layers are 70 cm from the pavement surface (on top of the subgrade). 

VWC data from sensors installed in the test road sections was used to determine the impact of 

the bottom ash layer and 10 cm polystyrene layer on the moisture content in the subgrade. The 

following conclusions were made, based on a detailed analysis of temperature and VWC data 

for the different IRRF test sections. 

1. Both insulation layers (10 cm extruded polystyrene board and 100 cm bottom ash) block 

heat exchange between the base layer and the subgrade layer. The Poly-10 test section, with 

a higher R (16.7 m2 °C/W), resulted in a larger temperature variation in the base layer than 

the B. Ash section, which has an R of 1.4 m2 °C/W. Furthermore, the difference in base 

temperature between the control section and the Poly-10 section in winter is 12°C, which 

is four times the temperature difference of 3°C observed in summer. 

2. During the two monitoring periods, from October 2016 to January 2018 and April 2019 to 

April 2020, the rate of base temperature change is highest in the Poly-10 section. The base 

temperature change rates for the control section and the B. Ash section are the same, 
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0.23°C/day, while the temperature change rate of the base for the Poly-10 section is 

0.31°C/day, which is much higher than the rate observed for the control section. This 

indicates that the pavement insulated with the 10 cm polystyrene layer is prone to low-

temperature cracking in winter. 

3. Although the rate of change of temperature for the control and B. Ash sections is similar 

for the subgrade, the temperature change ratio at the deepest monitoring location of the 

Poly-10 section and the B. Ash section are lower than for the control section. Thus, both 

the polystyrene and the bottom ash did protect the subgrade layer from freezing when used 

as insulation layers. However, the rate of temperature change for the test section insulated 

with a 10 cm polystyrene layer is lower than the section with bottom ash, so the subgrade 

temperature in the Poly-10 section is the most stable among these three sections. 

4. The maximum frost depths observed are 2.10 m, 1.60 m, and 0.75 m for the control, B. Ash, 

and Poly-10 sections, respectively. Compared with the control section, the test sections 

insulated with bottom ash and polystyrene showed a reduction in frost depth of 23% and 

70%, respectively.  

5. Pavement temperature data indicated that subgrade temperature of the B. Ash section never 

dropped below 0°C and VWC data showed that the bottom ash layer protected the subgrade 

below it from freezing, however, the bottom ash layer itself was frozen. Although the 

subgrade under the bottom ash layer did not freeze, the effect of water suction from the 

frozen bottom ash layer caused VWC in the subgrade layer to decrease in winter. At the 

same time, the VWC of the subgrade in the Poly-10 section did not show any variation at 

a depth of 0.80m. 

6. The VWC change ratio (in the subgrade) for the Poly-10 section was found to be 0% and 

7% for 2013 and 2014, respectively, while the B. Ash section has a VWC change ratio of 

48% and 50% for 2013 and 2014. This indicates that the value of VWC is the most stable 
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in the Poly-10 section. In spring, the control section, which has the highest VWC in the 

subgrade, will have a lower load capacity compared with the insulated sections, since there 

is an inverse correlation between resilient modulus and soil moisture content. 

Based on the observations listed above, it can be concluded that both bottom ash and 

polystyrene protect the subgrade below from frost when used as insulation layers. In both cases, 

no frozen water was observed in the subgrade. However, the two insulation materials (bottom 

ash and polystyrene) show some differences. The temperature gradient and rate of temperature 

change for the B. Ash section is close to that of the control section, so the IRRF test section 

with bottom ash performed similarly to the control section. Although the test section insulated 

with a 10 cm polystyrene layer decreased the frost depth by 70% and resulted in the lowest 

variation in moisture content in the subgrade layer (depth 1.80 m), it also had a lower base 

temperature in winter, indicating the pavement would be more prone to low-temperature 

cracking. Thus, while the 10 cm polystyrene insulation layer protected the subgrade from 

freezing, it made the top layers more prone to low-temperature cracking in winter, compared 

with the control section and B. Ash section. 

4.7. RECOMMENDATIONS FOR FUTURE WORK  

As this study primarily focuses on the comparison of pavement temperature and moisture 

content in different pavement sections with insulation materials, there are several areas for 

future research that can build upon the findings presented in this chapter: 

¶ While Chapter 3 offers insights into the performance of insulation materials, future 

work can explore the integration of machine learning models, as demonstrated in 

subsequent chapters, to provide a more comprehensive understanding of how these 

materials impact pavement behavior over time. 
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¶ Address the comment provided regarding the comparison of measured data with 

conventionally available models for temperature gradient prediction. Including this 

analysis could enhance the robustness of the research by providing a benchmark for 

evaluating the performance of insulation materials. 

By addressing these recommendations in future research endeavors, we can enhance our 

understanding of insulation materials' impact on pavement performance in cold regions and 

further strengthen the robustness of our investigations. 
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CHAPTER 5. APPLICATION OF MACHINE LEARNING MODEL IN 

TEMPERATURE PREDICTION OF UNBONDED MATERIAL 

LAYERS 

This section has been published as Huang, Y., Molavi Nojumi, M., Hashemian, L. and Bayat, 

A., 2023. Evaluation of a Machine Learning Approach for Temperature Prediction in Pavement 

Base and Subgrade Layers in Alberta, Canada. Journal of Transportation Engineering, Part B: 

Pavements, 149(1), p.04022076. 

5.1. ABSTARCT 

The performance of flexible pavement is influenced by pavement material properties and the 

strength or the stiffness of the pavement layers. Pavement temperature significantly impacts 

the material properties of flexible pavements. However, to date there has not been much 

research that investigates the prediction of the pavement temperature in unbound material (base 

and subgrade layers). The goal of this research is to apply a new approach, machine learning, 

to predict pavement temperature in unbound material. Pavement temperature recordings 

collected at the Integrated Road Research Facility (IRRF) test road in Alberta from January 

2013 to February 2020 were used to train and validate machine learning models. Finally, high 

performance machine learning models with two parameters (air temperature and day of the 

year) were developed to predict the average daily pavement temperature at 0.5ï2.7 m below 

the road surface. The accuracy of the temperature in the base and subgrade layers predicted 

using the machine learning models was found to be higher than for an existing model. 

Keywords: base layer temperature, subgrade layer temperature, machine learning, time 

domain reflectometer (TDR) data, temperature prediction models 
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5.2. INTRODUCTION  

The rate and magnitude of deterioration in flexible pavements are significantly influenced by 

the properties of the materials that comprise the various layers, and the strength or stiffness of 

the pavement materials is mainly dominated by pavement temperature and moisture content 

variation (Birgisson et al., 2000). Pavements in cold regionsðwhich are subject to low 

temperatures and multiple freezeïthaw cyclesðtend to be more severely damaged than 

pavement in warm regions (Tighe et al., 2006). In winter, as the temperature in the hot mix 

asphalt (HMA) layer dropped, the modulus of the HMA layer was observed to increase from 

1.0 × 108 Pa to 1.4 × 1010 Pa (Aidara et al., 2015). Fredlund et al. (1977) proposed a two-

parameter expression for resilient modulus and found that matric suction was the primary 

parameter affecting the behavior of unsaturated soils. Meanwhile, matric suction was highly 

dependent on temperature and moisture content. Simonsen et al. (2002) found that the change 

in soil resilient modulus was dependent on temperature change, and the resilient modulus of 

soil increased as the temperature decreased from 0ÁC to ī20ÁC. Salour and Erlingsson (2013) 

back-calculated the modulus based on falling weight deflectometer data, and demonstrated a 

63% reduction in the resilient modulus of the subgrade and a 48% reduction in the resilient 

modulus of the granular base layer during the thawing period compared with the resilient 

modulus under fully recovered conditions. In a case study by Haghi et al. (2016), it was found 

that as the temperature drops, the modulus of the unbound layer can reach 2.13 times the normal 

condition (with fall used as the reference) (1.4 × 1010 Pa). Simultaneously, the resilient modulus 

of the unbound layer also decreases to 1.3 × 1010 Pa due to the presence of excess water in the 

unbound layer. 

The rate of change in the resilient modulus for the subgrade in spring is also different for 

different soil types (Popik et al., 2005). The method outlined in the Mechanistic-Empirical 

Pavement Design Guide (MEPDG) can be used to calculate the temperature of a sublayer and 
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thus determine when the unbound material layer will freeze (AASHTO, 2008). The 

temperature affects the resilient modulus of unbound materials, which impacts the load-bearing 

capacity of the pavement. Most pavement design methods do not directly consider the effect 

of temperature variation because the soil does not directly influence the thickness in the design. 

However, depending on the material properties and the road location, seasonal temperature 

variation could affect the properties and performance of the unbound layer (AASHTO, 2008). 

For example, for a weak subgrade soil, freezing could result in a significant increase in resilient 

modulus, and an increase in temperature of the unbound layers during the thawing period leads 

to a significant decrease in resilient modulus (AASHTO, 2008). Thus, accurate estimation of 

the temperature of the unbound layers is important. 

Although real-time temperature measurements can be obtained using a sensor (such as a 

thermistor) installed in a road, there are some limitations to this approach. The installation cost 

for a buried sensor is high, and it is difficult to apply the same data measurement and collection 

system to all roadways. Furthermore, maintenance is not simple, particularly when sensors are 

located below the road surface. Sensors can be located 2 m (or even more) below the road 

surface. If a sensor stops working, there are costs associated with removal and reinstallation. 

Because of these considerations, an accurate temperature prediction model is often more 

practical. 

Although the temperature of the base and subgrade layers has a significant influence on the 

performance of the road surface, many temperature prediction models primarily focus on 

analyzing temperature changes at the road surface and in asphalt layers. However, existing 

models generally do not take into account the base and subgrade temperature (Arellano, 2007; 

Asefzadeh et al., 2017; Hall and Rao, 1999). The enhanced integrated climate model (EICM) 

(ARA., 2004), which is the most widely used climate prediction model, can be used to predict 

in situ pavement temperature, moisture content, and stiffness moduli of pavement layers. Still, 
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this model is not accessible to all researchers, and the accuracy of the results is highly 

dependent on the inputs, including boundary conditions, climatic conditions, and material 

properties. Furthermore, for EICM the assumption is that the heat capacity and thermal 

conductivity of the unbound materials do not change over time. However, heat capacity and 

thermal conductivity are not constant, especially for unbound materials (e.g., base course and 

soil) because the moisture content and frost depth change with time (ARA., 2004). Therefore, 

EICM cannot be used to accurately predict the temperature of unbound materials within a 

pavement structure. For example, in the Minnesota Road Research Project (MN/ROAD) 

(Birgisson et al., 2000), the difference in the measured temperature and temperature predicted 

using EICM was found to be nearly 7°C in summer for dense-graded base material. 

Most existing literature models for the prediction of pavement temperature are specific to the 

asphalt layer. Only one model, a sinusoidal function proposed by Heydinger (2003), is 

applicable to predicting temperature in the base and subgrade layers. This model, which is a 

sinusoidal function of time, was developed to analyze the daily average air temperature and 

pavement temperature in the base and subgrade layers, with mean temperature, amplitude, and 

time shift included as variables. Because this is the only available model for temperature 

prediction in unbound layers and it was found to have high accuracy, the sinusoidal function 

(Heydinger, 2003) will be used for comparison with the machine learning models proposed in 

the current work. The lack of available literature models for temperature prediction in the base 

and subgrade layers also underscores the importance of expanding available methods for 

modeling the temperature in the unbound layers of road structures. 

Environmental factors (such as ambient temperature, solar radiation, and precipitation) and 

external factors (such as pavement structure and pavement materials) may influence the 

pavement temperature distribution, either directly or indirectly; thus, it is a very complicated 

problem to predict pavement temperature at different depths (Birgisson et al., 2000). 
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Conventional methods, including numerical models (Alavi et al., 2014; Hermansson, 2004; 

Minhoto et al., 2005), analytical models (Dumais and Doré, 2016), and regression models 

(Asefzadeh et al., 2017; Islam et al., 2015), have all been used to predict the pavement 

temperature in the asphalt layer, but difficulties arise with the prediction of irregular changes 

(such as discontinuous changes in the base temperature in winter and discontinuities in material 

properties between layers). Inclusion of insulation material could change the temperature 

variation in the base and subgrade layers (Haghi et al., 2016; Huang et al., 2021). Moreover, 

some of the parameters used as model inputs (e.g., heat convection and heat diffusion) are hard 

to determine. 

Both machine learning and deep learning are branches of artificial intelligence. Compared with 

the conventional methods discussed previously (e.g., numerical models and analytical models), 

machine learning is more powerful because it can be used to detect patterns in data and 

automatically build an analysis model without manual intervention. Even with very large data 

sets, machine learning can be used to make successful predictions in reasonable times 

(Baĸtanlar and ¥zuysal, 2014). 

Recently, machine learning methods used to investigate road parameters and performance have 

been reported in the literature. Machine learning models have been applied to predict cracking 

condition rating [i.e., the difference between the deducted value of the confined wheel paths 

and the deducted value of the outside of the wheel paths (Inkoom et al., 2019)], detect cracks 

(Fujita et al., 2017), evaluate pavement roughness (Nitsche et al., 2014), predict international 

roughness index (Marcelino et al., 2019), and predict the alligator deterioration index (Fathi et 

al., 2019). All the machine learning models reported in the literature show high accuracy and 

outperform traditional methods. 

Despite promising recent papers related to the use of machine learning models to predict 

pavement performance, there has been very little work on the prediction of the pavement 
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temperature of the base and subgrade layers using machine learning models. Previous studies 

have instead focused on prediction of pavement surface temperature or temperature of the 

asphalt layer. For instance, to precisely predict road surface temperature, a back-propagation 

(BP) neural network model was introduced. Through improved algorithms, new dynamic and 

static prediction methods were proposed using pavement temperature collected in real time to 

predict the road temperature for the subsequent 3 h (Xu et al., 2017). A machine learning 

algorithm that utilized gradient boosting to assemble a rectified linear unit (ReLU)/Softplus 

extreme learning machine (ELM) was proposed to predict road surface temperature. The model 

was applied to an airport express route, with a root-mean-square error (RMSE) within 3°C and 

accuracy of 81.8% (Liu et al., 2018). As part of a University of California Pavement Research 

Center study, a four-layer artificial neural network model was designed to predict pavement 

temperature in the HMA layer, with a model accuracy of 99.7% (Nivedya and Mallick, 2020). 

Machine learning algorithms based on three parameters (air temperature, solar radiation, and 

day of the year) were also used to predict the average, minimum, and maximum daily pavement 

temperatures in the HMA layer. The accuracy of the machine learning algorithms was found 

to be higher than the accuracy of existing analytical and statistical models (Nojumi et al., 2021). 

The main objective of this paper is to compare various machine learning algorithmsô ability of 

predicting pavement temperature in different layers. The machine learning algorithms 

investigated in this work were compared with an existing literature model for base and 

subgrade temperature prediction (Heydinger, 2003) to assess their performance. The training 

results of the machine learning algorithms under consideration, namely, regression trees, 

support vector machines (SVMs), Gaussian process regression (GPR) models, ensembles of 

trees, and linear regression models, were also compared. Machine learning tool-boxes in 

MATLAB version R2017a were employed to develop the models. Field measurements of 
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pavement temperature conducted at the Integrated Road Research Facility (IRRF) test road 

between January 2013 and February 2020 were used to train and test the models. 

5.3. DESCRIPTION OF THE IRRF TEST ROAD FACILITY  

The IRRF test road is an access road to the Edmonton Waste Management Centre, located 15 

km from downtown Edmonton, Canada. Construction of the IRRF test road started in May 

2012 and was complete by October 2013. The IRRF test road has been open to public traffic 

since October 2015. The entire test road is about 500 m long and consists of two lanes, and 

was designed with several sections to study different embankment backfill materials and 

pavement structures, as described elsewhere (Nassiri et al., 2013). In this paper, the focus is on 

data collected in the control section, located from 130 + 240 m to 130 + 260 m, as shown in 

Figure 5-1.The pavement structure consists of a 25-cm layer of HMA (a 9-cm wearing course 

and 16-cm binder course) on top of a well-graded, 45-cm granular base course (GBC). The 

HMA mixes for the wear and binder courses were based on City of Edmonton Transportation, 

Canada (2012) design and construction standards. 

The IRRF test road was instrumented with CS650 time domain reflectometers (TDRs) 

(Campbell Scientific Canada, Edmonton, Alberta, Canada) to monitor pavement temperature 

at different depths (along with other sensors). Pavement temperature data were collected and 

analyzed for the GBC and subgrade and used to develop a data set for training the machine 

learning models presented in this work. Figure 5-1 includes a cross section of the test road and 

indicates the locations of the TDRs. There are 15 TDRs in the GBC and subgrade layers, 

located at depths of 0.5, 0.7, 0.8, 1.8, and 2.7 m below the pavement surface. To avoid 

unreliable data due to sensor failure or damage during installation or operation, three TDR 

devices were installed at the same depth in the road during construction. The temperature data  
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from the TDRs were collected using a CR1000 data logger (Campbell Scientific Canada, 

Edmonton, Alberta, Canada), which was programmed to collect data from each of the sensors 

at 15-min intervals. Data were retrieved from an on-site computer using remote access, and an 

off-site computer was used for data analysis. 

 

Figure 5-1: IRRF test road pavement structure, showing the location of TDRs embedded in 

the GBC and subgrade layers 

Figure 5-2 shows the grain size distribution in the GBC and subgrade layers. Based on the 

Unified Soil Classification System (USCS), the subgrade soil is clayey sand and the GBC is 

well-graded gravel. The gravel used in the GBC layer had a maximum particle size of 19 mm. 

For the subgrade soil, the liquid limit was 25%, the plastic index was 9%, and the maximum 

particle size was 0.5 mm. 
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(a) 

 
(b) 

Figure 5-2: Particle size distribution in (a) GBC layer and (b) subgrade layer 

5.4. PROCEDURE FOR MODEL DEVELOPMENT  

Figure 5-3 shows the procedure used to implement predictive machine learning models. First, 

the temperature data collected at 15-min intervals were preprocessed. Irrelevant and noisy data 

were removed from the data set. Then a time window was defined, and raw temperature data 

within that time window were compared with data collected from the two other temperature 

sensors located at the same depth. If the data from the three sensors were not consistent, the 

time window for the analysis was adjusted so that all temperature recordings within the window 

were consistent. Next, the reliable raw data were used to calculate the average daily 

temperature at depths of 0.5, 0.7, 0.8, 1.8, and 2.7 m below the pavement surface. Climatic data 

(including air temperature, solar radiation, and precipitation) collected from Oliver AGDM 

(the Environment Canada weather station located closest to the test road) were integrated with 

the daily average temperature data using time stamps. All data were then loaded into the 

MATLAB machine learning toolbox. To study the correlation between climatic parameters and 

pavement temperature, a sensitivity analysis was performed, and the most effective parameters 

were determined. Each of the machine learning models (listed in Table 5-2) was trained and 

validated, and the most accurate algorithm for temperature prediction was identified. The 

parameters used to evaluate model performance included the coefficient of determination (R2), 

RMSE, and mean absolute error (MAE). Higher R2 values, lower RMSE values, and lower 

MAE values indicated better model performance, with predicted results closer to measured 
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values. The most effective input parameters were determined for each depth. Then only the 

most accurate algorithms (i.e., those with the highest R2, lowest RMSE, and lowest MAE) were 

carried forward. Finally, the accuracy of the predicted results was compared with the only 

conventional model for temperature prediction in the base and subgrade layers identified in the 

literature (Heydinger, 2003). 

 

Figure 5-3: Procedure for developing machine learning predictive models 

5.4.1. Data Availability  

Due to the harsh winter weather conditions in Edmonton, traffic loading, and technical 

problems with the data collection system, several of the TDRs recorded data intermittently, 

and for some time periods temperature data were missing. Table 5-1 summarizes the data 

available from the TDRs at different depths. Any results that did not match the data recorded 

at other TDRs (located at the same depth) were removed from the data set. Data that covered 

more than 15 days of the same month were considered to cover a full month. 
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Table 5-1: Data availability for machine learning analysis. 

Thermistor Depth (m) Start Data End Date Duration 

0.50 Jan. 2013 Feb. 2020 Six years, two months 

0.70 Jan. 2013 Feb. 2020 Four years, ten months 

0.80 Jan. 2013 Feb. 2020 Four years, ten months 

1.80 Jan. 2013 Feb. 2020 Five years, three months 

2.70 Jan. 2013 Dec. 2017 Four years, three months 

 

5.4.2. Machine Learning Algorithms 

The regression learner included in MATLAB includes five different machine learning 

algorithms and 19 subcategories, as shown in Table 5-2. To predict pavement temperature, 

each of these algorithms was applied (using the available historic temperature data for training), 

and the performance of the various algorithms was compared. The algorithm types are 

discussed in detail elsewhere in the literature (Zeiada et al., 2020); however, an in-depth 

analysis of each of these algorithms and their subcategories is beyond the scope of this research. 

5.4.3. Sensitivity Analysis 

Generally, environmental parametersðsuch as air temperature, solar radiation, and 

precipitationðare taken into consideration in the prediction of the temperature of the HMA 

layer using conventional models, and the impact of different parameters varies in different 

locations and weather conditions (Asefzadeh et al., 2017; Nivedya and Mallick, 2020). The 

temperature of the base and subgrade layers is related to the temperature of the HMA layer; 

thus, it is important to also investigate the influence of these three environmental parameters 

(air temperature, solar radiation, and precipitation) on the temperature of the base and subgrade 

layers. Previous studies indicate that material thermal properties and the thickness of each layer 

influence the pavement temperature profile (Haghi et al., 2016). If the material thermal 
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properties and thickness of each layer are used as input parameters, the models would need to 

be trained on data collected from different pavement structures. However, data are limitedð

only measurements from the IRRF test road are available and inclusion of the material thermal 

properties or layer thickness did not improve the model. Thus, these parameters were not 

included in the model in this paper. 

Table 5-2: Machine learning algorithms used for temperature prediction.  

Algorithm  Subcategory 

Linear regression models 

Linear 

Interaction linear 

Robust linear 

Stepwise linear 

Regression trees 

Complex tree 

Medium tree 

Simple tree 

Support vector machines (SVM) 

Linear SVM 

Quadratic SVM 

Cubic SVM 

Fine Gaussian 

Medium Gaussian 

Coarse Gaussian 

Gaussian process regression 

Rotational Quadratic 

Squared exponential 

Matern 5/2 

Exponential GPR 

Ensembles of trees 
Boosted trees 

Bagged trees 

 

An important time-based parameter is the day of the year (Heydinger, 2003), which is 

represented by a number ranging from 1 to 365 (with 1 assigned to January 1). By observing 

the change in the temperature of the base and subgrade layers, it was found that the temperature 

declines in fall and increases in spring, in an annual cycle change (Huang et al., 2021). Both 
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the base and subgrade temperature are time dependent. The time-based parameter day of the 

year is easy to obtain and has been used previously to express the relationship between 

temperature and time (Heydinger, 2003; Nojumi et al., 2021). Therefore, day of the year was 

also included in the model training. 

A correlation coefficient (r) was calculated and compared for each input parameter and the 

pavement temperature. This procedure was repeated for temperature data collected from the 

TDRs at each depth, and similar results were observed. A representative example is presented 

in Figure 5-4, where the relationship between each input parameter and pavement temperature 

at a depth of 0.5 m is plotted. The corresponding correlation coefficients (r) are listed in Table 

5-3. The correlation coefficients for air temperature (with pavement temperature) and day of 

the year (with pavement temperature) were observed to be much higher than the correlation 

coefficients for the other parameters (with pavement temperature), so these were determined 

to be the most important input parameters for the pavement temperature prediction models. 

Table 5-3: Correlation coefficients for climatic and time-dependent parameters. 

Parameter Correlation with pavement temperature (r) 

Air temperature ( C̄) 0.93 

Solar radiation (W/m2) 0.75 

Precipitation (mm) 0.16 

Day of the year 

First part of the year 

(DOY = 1 - 181) 
0.93 

Second part of the year 

(DOY = 182 - 365) 
-0.96 

 

To examine the correlation between other parameters and day of the year, the year was divided 

into two equal parts (January 1 to June 30 and July 1 to December 31). The correlation 

coefficients for day of the year were found to be 0.93 and ī0.96 for the first and second half of 

the year, respectively. The same trend is also evident in Figure 5-4 (d): for the first half of the 

year, the pavement temperature increases as the day of the year increases. In the second half of 
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the year, the pavement temperature reaches its peak value when the day of the year is 

approximately 200. From this point, the pavement temperature decreases as the day of the year 

increases. Although there is a high correlation between pavement temperature and day of the 

year, the correlation coefficient for solar radiation is low (r = 0.75). For precipitation, the 

correlation coefficient is only 0.16, indicating very poor correlation. Overall, air temperature 

and day of the year were determined to be the most significant input parameters for pavement 

temperature prediction within the GBC and subgrade layers. 

To study the influence of input parameters on the performance of the prediction models, 

different combinations of input parameters were used to train the models. The whole procedure 

was also repeated for TDR data at all depths, with similar results observed. Table 5-4 

summarizes the performance of each combination of input parameters for a depth of 0.5 m 

from the road surface. When air temperature was used as the only input parameter, the best 

performance was observed for matern 5/2 GPR. According to the results summarized in Table 

5-4, air temperature and day of the year were identified as the most robust input parameters, 

while including solar radiation and precipitation as inputs did not significantly improve model 

results (R2 did not change, and the improvement in RMSE and MAE was less than 1%). The 

R2 value reached an impressive 0.97, and no additional input parameters were included to 

enhance the model's performance. Thus, air temperature and day of the year were used to train 

the models, and other parameters were removed from the model. 
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Figure 5-4: GBC temperature versus (a) air temperature; (b) solar radiation; (c) precipitation; 

and (d) day of the year 

5.4.4. Training Data and Model Validation 

After determination of the input parameters, the algorithms were trained and validated. For 

validation of machine learning models, there are two possible methods in MATLAB, holdout 

validation and cross-validation. Holdout validation is generally recommended for large data 

sets, but because of the limited data used in this paper, cross-validation was applied. For the 

cross-validation method, the available testing data were randomly divided into n groups (in this 

case five), with (n-1) groups used for training, and the remaining group used for testing. This 

process was repeated n times, and the average test error was calculated over all n folds. 
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Table 5-4: Impact of contributing parameters on the model performance. 

Best Predictive 

Model 

Environmental Parameters 

Time-

related 

Parameter 

 

Performance Indices 

Air 

temperat

ure 

( C̄) 

Solar 

radiation 

(W/m2) 

Precipit

ation 

(mm) 

Day of the 

year 

(DOY) 

Coefficie

nt of 

determin

ation 

(R2) 

Root 

mean 

square 

error 

(RMSE) 

Mean 

absolute 

error 

(MAE)  

Matern 5/2 GPR 

a    0.93 3.45 2.69 

a a   0.93 3.31 2.56 

a   a 0.97 2.14 1.65 

a a  a 0.97 2.13 1.64 

a a a a 0.97 2.16 1.66 

Exponential 

GPR 
a a a  0.94 3.20 2.49 

 

Table 5-5 gives the performance of the various models for the prediction of daily average 

pavement temperature at a depth of 0.5 m. Most of the machine learning algorithms performed 

well, as indicated by 74% of the models having R2 values higher than 0.95. The model with the 

best performance was matern 5/2 GPR, with R2 of 0.97, RMSE of 2.14 (the lowest of any 

model), and MAE of 1.65 (for temperatures recorded at a depth of 0.50 m). This process of 

model validation was repeated for the temperature data sets collected at different depths, and 

the five machine learning algorithms that showed the best performance were identified. The 

performance obtained using these algorithms is given in Table 5-6, compared with the results 

of a conventional literature model. 
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Table 5-5: Performance of different machine learning algorithms for temperature prediction 

in GBC and subgrade layers. 

Algorithm Subcategory 
Performance measures 

R2 RMSE MAE 

Linear regression models Linear 0.88 4.46 3.54 

Interaction linear 0.88 4.40 3.47 

Robust linear 0.88 4.47 3.51 

Stepwise linear 0.88 4.40 3.47 

Regression trees Complex tree 0.96 2.46 1.88 

Medium tree 0.96 2.44 1.88 

Simple tree 0.95 2.79 2.14 

Support vector machines (SVM) Linear SVM 0.87 4.49 3.50 

Quadratic SVM 0.95 2.75 2.15 

Cubic SVM 0.97 2.26 1.76 

Fine Gaussian SVM 0.97 2.23 1.73 

Medium Gaussian SVM 0.97 2.16 1.67 

Coarse Gaussian SVM 0.96 2.67 2.11 

Gaussian process regression Rotational Quadratic 0.97 2.15 1.66 

Squared exponential 0.97 2.15 1.66 

Matern 5/2 0.97 2.14 1.65 

Exponential GPR 0.97 2.15 1.66 

Ensembles of trees Boosted trees 0.96 2.39 1.87 

Bagged trees 0.97 2.17 1.69 

Note: Bold represents the best performed model. 

5.5. COMPARISON OF MACHINE LEARNING MODELS WITH 

CONVENTIONAL MODEL  

To ensure optimal performance of the prediction models, the procedures used to train the 

machine learning models described previously were repeated for the temperature data sets 

collected at different depths. The best input parameters for average daily pavement temperature 

prediction were found to be air temperature and day of the year. The performance of the 
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machine learning models was then compared with the performance of a conventional predictive 

model from the literature, which is briefly described in the following. 

Based on temperature recordings taken at the Ohio Strategic Highway Research Program 

(SHRP) test road, a general expression describing the temperature within the pavement 

structureðEquation 5-1 (Heydinger, 2003)ðwas developed 

Ὕὸ ὃ ὄίὭὲ‫ὸ ‰  Equation 5-1 

where t = day of the year; ɤ = 2ˊ/365.25 is the normalized frequency; A = mean temperature; 

B = amplitude; and ʟ = time shift. The values for A, B, and ʟ  were determined using temperature 

measurements (Heydinger, 2003). Equation 5-2 was applied to the temperature measurements 

taken at the IRRF test road, and the results were compared with the machine learning models 

developed in this work. The results of this comparison are included in Figure 5-5. Any gaps in 

the data in Figure 5-5 correspond to periods when the temperature data from the IRRF test road 

were not available (e.g., due to malfunctioning sensors). From Figure 5-5, the temperature 

difference between maximum and minimum temperature was 54°C, 49°C, 41°C, 24°C, and 

17°C for depths of 0.50, 0.70, 0.80, 1.80, and 2.70 m, respectively. It is evident that the 

measured pavement temperature range varies significantly at shallower depths. At the same 

time, the magnitude of the measured temperature change at greater depths is smaller, and the 

variation in temperature data over time is more gradual. The machine learning predictions are 

close to the measured temperatures for all depths. However, there is a large difference between 

the temperature measurements from the IRRF test road and the results predicted using Equation 

5-1 for both winter and summer. Although there is less difference between the measured 

temperature data and calculated values in summer (at depths of 1.8 and 2.7 m), the temperatures 

calculated using Equation 5-1 are consistently lower than the measured temperature for winter. 

Because Equation 5-1 is a sinusoidal function of time (which only accounts for mean 
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temperature and amplitude), the shape of the curve changes periodically, and thus Equation 5-3 

does not reflect any irregular changes in temperature within the pavement structure. However, 

machine learning models do not have the same constraint because the predicted results are 

based on historical temperature measurements and reflect the actual variation in climatic 

parameters, giving a better prediction of the actual variation of pavement temperature with time 

(based on the input parameters). Thus, the application of machine learning results in a more 

flexible, reasonable, and accurate prediction model. 
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Figure 5-5: Comparison between measured and predicted pavement temperatures at depths of 

(a) 0.5 m; (b) 0.7 m; (c) 0.8 m; (d) 1.8 m; and (e) 2.7 m  
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from 0.98 to 2.19 and 0.72 to 1.70 (for various depths). The results show that the performance 

of Equation 5-1 improves as the depth increases, as indicated by the increase in R2 values and 

decrease in RMSE and MAE. The difference in performance between the machine learning 

model and Equation 5-1 decreased with increasing depth. At a depth of 0.5 m, the value of R2 

for the machine learning results was 5% higher than for Equation 5-1; however, this difference 

decreased to 1% at a depth of 2.7 m. 

Table 5-6: Comparison of the performance of machine learning and literature model from 

Heydinger (2003). 

Depth  

(m) 

Machine learning models ╣◄ ═ ║▼░▪ⱷ◄ ꜚ  (Heydinger, 2003) 

Best 

predictive 

model 

R2 RMSE MAE  R2 RMSE MAE  

Mean 

Tempera

ture (°C)  

Amplit

ude 

(°C)  

Time 

Shift 

(day) 

0.50 
Matern 5/2 

GPR 
0.97 2.14 1.65 0.92 3.48 5.65 9.21 24.54 110 

0.70 
Squared 

exponential 
0.97 2.19 1.70 0.94 2.94 4.53 9.53 22.06 110 

0.80 
Exponential 

GPR 
0.96 2.15 1.69 0.93 2.78 3.23 7.43 18.42 115 

1.80 
Exponential 

GPR 
0.97 1.38 1.01 0.95 1.78 2.18 8.48 13.11 138 

2.70 
Matern 5/2 

GPR 
0.97 0.98 0.72 0.96 1.15 1.48 7.97 9.77 157 

 

Table 5-7 compares the performance of Equation 5-1 and the machine learning model in terms 

of the accuracy of temperature prediction in winter. The accuracy of Equation 5-1 dropped 

significantly in winter, especially at shallower depths (i.e., closer to the road surface). The R2 

value for results obtained using the machine learning model was 47% higher than for results 

obtained using Equation 5-1 (at a depth of 0.50 m). In addition, RMSE and MAE for the 

machine learning results were consistently lower than the corresponding RMSE and MAE 

obtained from Equation 5-1 for the temperature data in winter. Thus, machine learning can be 

used to predict the temperature in base and subgrade layers more accurately than Equation 5-1. 
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Figure 5-6 shows the performance of the two methods machine learning and Equation 5-1 at a 

depth of 0.50 m, with predicted temperature versus measured temperature plotted for both 

methods. From these results, it is clear the predicted temperature from the machine learning 

model was closer to the measured temperature values. At the same time, there is a large 

difference between the temperatures predicted using Equation 5-1 and measured temperatures, 

especially for temperatures in the high and low range (e.g., from ī20ÁC to 0ÁC and 20ÁC to 

30°C). The results shown in Figure 5-6 demonstrate that the temperatures predicted by machine 

learning for different locations within the pavement structure are closer to the actual 

temperatures, whereas Equation 5-1 results have lower accuracy. This is especially the case at 

shallow depths: for example, the RMSE of Equation 5-1 is 1.63 times higher than the RMSE 

for machine learning (matern 5/2 GPR) at a depth of 0.50 m. 

Table 5-7:  Comparison of accuracy of temperature prediction in winter for machine learning 

model and conventional predictive model (Heydinger, 2003) given in Equation 5-1. 

Depth 

(m) 

Machine Learning 
╣◄ ═ ║▼░▪ⱷ◄
ꜚ  (Heydinger, 2003) 

Ratio of performance indices 

(Equation 5-4 index/Machine 

Learning index) 

R2 RMSE MAE  R2 RMSE MAE  R2 RMSE MAE  

0.50 0.81 1.99 1.45 0.35 3.69 6.56 0.43 1.85 4.52 

0.70 0.68 2.14 1.64 0.39 2.97 5.06 0.57 1.39 3.09 

0.80 0.73 1.68 1.17 0.34 2.62 4.40 0.47 1.55 3.76 

1.80 0.76 0.67 0.51 0.58 0.88 2.78 0.76 1.31 5.45 

2.70 0.86 0.48 0.33 0.65 0.77 2.21 0.76 1.60 6.70 
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 Figure 5-6: Comparison of temperature predictions using (a) machine learning; and (b) 

Equation 5-5 temperature data at a depth of 0.50 m 

Machine learning models can provide an accurate estimate of temperature prediction for a 

specific pavement structure provided temperature data for the pavement structure are available. 

For a new pavement or rehabilitation design, MEPDG first involves proposing a trial design. 

Then the trial design is evaluated for a given set of site conditions and using certain failure 

criteria at a specified level of reliability. If any criteria are not met in the initial design, the 

materials used, layer thickness, or other design features are altered. The analysis of the trial 

design is based on the accumulation of damage as a function of time and truck traffic. The 

resilient modulus values of the pavement layers present in the pavement structure are adjusted 

over time based on temperature and moisture conditions. At the same time, the temperature 

within each unbound sublayer is used to determine the months for which any particular 

sublayer is frozen. For frozen sublayers, the resilient modulus increases during the time when 

the layer is frozen and decreases during the thaw period (resulting in a relatively weaker layer 

as the temperature increases). Thus, for pavement, temperature at various depths plays an 

important role in the design process. Meanwhile, if a field investigation identifies frost-

susceptible soil, the designer will need to take steps to prevent frost heave. In this case, the 
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temperature distribution in the unbound layer determines the maximum frost depth and 

influences the decision of the designer (AASHTO, 2008). 

Previously, the resilient modulus of the subgrade layer of the IRRF test road was 

backcalculated based on falling weight deflectometer data, and the ratio of the back-calculated 

resilient modulus for each season to the resilient modulus of the test road in fall was calculated. 

When the temperature increased during the spring, the maximum measured volumetric water 

content was observed (the measurement captures only liquid water, not any frozen water) and 

the resilient modulus dropped to its lowest value, with a backcalculated ratio of spring resilient 

modulus ratio to fall resilient modulus of 0.89. Then a gradual decline in moisture content was 

observed from April to July, with the minimum moisture content occurring in September. With 

the decreasing volumetric water content, the resilient modulus increased, and the ratio of 

resilient modulus in summer to resilient modulus in fall was 0.93. In winter, the subgrade soil 

is frozen; the ratio of the resilient modulus in winter to the resilient modulus in fall is 2.02 

(Haghi et al., 2016). 

The machine learning models presented in this work are based on temperature data recorded at 

one location, the IRRF test road. To validate the temperature profiles of other roads with 

different material and structures, temperature data from other roadsðor an expansive database 

including many road structures (with the inclusion of thermal material properties and thickness 

of layers as inputs)ðin different conditions is necessary. Moreover, the environmental inputs 

that give the most accurate temperature predictions for a machine learning model may vary, 

depending on the pavement structure, the climate where the road is located, and the soil type 

of the base and subgrade layers. 

The generality of the proposed temperature models in this paper is restrictive in that these 

models are only applicable to the IRRF test road. To develop a similar model for other 

pavement, a data set including temperature measurements from the pavement structure would 
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be necessary. Including more input parameters (such as material properties and layer thickness) 

could increase the generality of the model. However, all machine learning models are trained 

using data, and such an expansive data set is not currently available. Thus, currently the 

generality of the model cannot be improved. 

However, the development of machine learning modelsðeven if limited in terms of their 

generalityðis meaningful. First, because the temperature variation in the base and subgrade 

layers is influenced by many factors, including internal and external factors, the prediction of 

the variation is very difficult. So far, other than the equation developed by Heydinger (2003), 

no feasible method has been reported in the literature. Meanwhile, a case study previously 

conducted at the IRRF test road has shown that the presence of an insulating layer (e.g., 10-cm 

polystyrene board) can dramatically change the temperature variation in the base and subgrade 

layers. Therefore, it is difficult to predict the temperature variation of different structures or in 

different climates by a simple model with only two input parameters. Even the equation 

developed by Heydinger (2013) requires the calculation of average temperature and amplitude 

based on recorded temperature. Finally, the life span of the sensors installed to collect data is 

limited. With the development of the machine learning model, it may be possible to predict the 

future temperature of the base and subgrade layers based on historical measured data. 

5.6.  CONCLUSIONS AND RECOMMENDATIONS  

This study involved application of several machine learning models to predict daily pavement 

temperature in the unbound materials (i.e., GBC and subgrade layers) within a pavement 

structure. The machine learning models were developed based on temperature data collected 

at the IRRF test road located in Edmonton, Alberta, Canada. Pavement temperature data from 

January 2013 to February 2020 were used to train and validate the machine learning models. 

Environmental parameters collected from the nearest weather stationðincluding air 
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temperature, solar radiation, and precipitationðwere examined as parameters for the 

prediction of the temperature within the road structure at various depths. A sensitivity analysis 

was conducted, and the results indicate that machine learning models including two 

parametersðair temperature and day of the yearðcould be used to predict the temperature at 

depths ranging from 0.5 to 2.7 m below the road surface with reasonably high accuracy. 

The temperature values predicted using the machine learning models were compared with the 

values from an existing literature model for temperature prediction within pavement. Although 

the performance of both models increased with increasing depth, the machine learning 

algorithm outperformed the literature model for all depths. The lowest R2 for the machine 

learning algorithms was 0.96 (at a depth of 0.80 m), which was 3% higher than the R2 for the 

existing model. For depths of 0.5 to 2.7 m, respectively, RMSE for the five machine learning 

models decreased from 2.14 to 0.98 and MAE decreased from 1.65 to 0.72. 

The literature model involves a sinusoidal function of time, and only the mean pavement 

temperature, amplitude, and day of the year are included in the equation. Thus, the shape of 

the equation proposed in the literature model (Heydinger, 2003) is fixed, and the predicted 

temperature is not a function of air temperature or other climatic parameters. However, in 

winter the temperature variations in the base and subgrade layers are irregular. For low-

temperature conditions, the accuracy of the existing literature model decreased significantly, 

especially at locations closer to the road surface, and R2 declined to 0.35 at a depth of 0.50 m. 

However, R2 for the machine learning model was 47% higher than for the existing model at the 

same depth. In all cases, the R2 values for the results obtained using the machine learning 

models were higher than for the existing model, while all RMSE and MAE values for the 

machine learning models were less than for the existing model. 

Based on the results of this research, machine learning algorithms could be a flexible, 

reasonable, and accurate approach for predicting the pavement temperature in the base and 
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subgrade layers. Unlike EICM, machine learning algorithms do not require boundary 

conditions or material properties (heat capacity and thermal conductivity) as inputs. This study 

indicates that machine learning models can predict temperature within unbound pavement 

layers with very high accuracy using only two parameters, one environmental parameter (air 

temperature) and one time-related parameter (day of the year). Although the accuracy of the 

existing conventional literature model was found to increase with depth, machine learning 

models maintained a high accuracy for pavement temperature prediction at depths ranging from 

0.50 to 2.70 m. The temperature variation within the base and subgrade layers is irregular in 

winter, and it was noted that the accuracy of the conventional model decreased significantly at 

low temperatures. However, the five machine learning models provided reasonable 

temperature predictions, even with irregular temperature fluctuations. Provided that historical 

temperature data are available, it is possible to apply machine learning models to accurately 

predict future pavement temperatures year-round (at depths of up to 2.70 m below the road 

surface), with just two readily available input parameters, air temperature and day of the year. 

Temperature changes in the base and subgrade layers influence moisture variation and resilient 

modulus of the base and subgrade layers. In future work, the impact of moisture variation on 

resilient modulus could be investigated using machine learning models that incorporate falling 

weight deflectometer data. 
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CHAPTER 6. MULTI -DEPTH TEMPERATURE PREDICTION  

This section has been submitted to Journal of Applied Remote Sensing on May  2023 as Huang, 

Y., Molavi Nojumi, M., Ansari, S., Hashemian, L. and Bayat, A.  Multi -Depth Temperature 

Prediction using Machine Learning for Pavement Sections. 

6.1. ABSTRACT 

The temperature of hot mix asphalt (HMA), base, and subgrade layers plays a significant role 

in pavement performance, because temperature influences the strength of the materials. 

Therefore, a model to predict temperature throughout the entire pavement structure is desirable. 

However, most existing models only focus on predicting the temperature of the road surface or 

the HMA layer, and these models usually need some information related to boundary 

conditions or material properties that is difficult to obtain. This research aims to demonstrate 

that machine learning (ML) model can be a powerful generalized approach to predict the 

temperature within a pavement structure at multiple depths. Data from the Integrated Road 

Research Facility test road in Edmonton, Alberta, Canada, were used to train ML models. 

Sensitivity analysis was performed to analyze the influence of several input parameters on 

asphalt and soil temperature. ML models with three input parametersðaverage daily air 

temperature, day of the year, and depthðresulted in better performance compared to ML 

models based on other combinations of parameters. Three ML models were established to 

predict the average daily temperature, minimum daily temperature, and maximum daily 

temperature of the pavement structure. To validate model performance, the three ML models 

were compared with four existing models, and of these the ML models showed the highest 

accuracy with the coefficient of determination values above than 0.97 and root mean square 

error values below than 2.21. These results demonstrate that ML models can be used to give 
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accurate predictions of road temperature at multiple depths with only one environmental 

predictive parameter, average daily air temperature. 

Keywords: temperature prediction, machine learning, HMA layer temperature, base layer 

temperature, subgrade layer temperature 

6.2. INTRODUCTION  

The performance of flexible pavements is greatly affected by the material properties of the hot 

mix asphalt (HMA), base and subgrade layers, and their strength is decided by temperature 

(AASHTO, 2008). HMA mixture is a material with viscoelastic behavior, and its strength and 

load capacity are dependent on temperature (Elseifi et al., 2006). Temperature variation in the 

HMA layer can lead to different types of pavement damage. For example, high pavement 

temperatures in summer make the HMA layer prone to rutting, while low pavement 

temperature in winter leads to low-temperature cracking of the HMA layer (El-Maaty, 2017; 

Y. Huang et al., 2021). The temperatures of the base and subgrade layers also influence 

pavement performance. For example, in cold regions such as Alberta, pavements are weakened 

by thawing during spring freeze-thaw cycles (Smith, 2006). Freeze-thaw cycles mean that 

water inside the base and subgrade layers freezes and turns into ice lenses in winter. Later, ice 

lenses melte and turn into liquid water again in spring. But, because the pavement temperature 

rises (from the top to the bottom of the pavement structure), the ice lenses in the upper layer 

begin to melt, while the sublayer remains frozen with low permability. This typically results in 

a higher moisture content and lower pavement load capacity in late winter or early spring than 

under normal conditions (Haghi et al., 2019). Thus, accurate estimation of the temperature in 

the HMA, base, and subgrade layers is necessary for such applications as determination of 

seasonal load capacity. 
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The prediction of temperature in the HMA, base, and subgrade layers is complex, since many 

factors influence asphalt and soil temperature (AASHTO, 2008; Adwan et al., 2021; Chen et 

al., 2019; Molavi Nojumi et al., 2022). Previous studies have indicated that environmental 

factors such as air temperature, solar radiation, wind speed, and relative humidity affect the 

temperature of a pavement structure, and the impact of these parameters on temperature 

distribution may vary depending on the climate type (Adwan et al., 2021; Chen et al., 2019; 

Molavi Nojumi et al., 2022). Other parameters related to the road materials, such as thermal 

conductivity, specific heat capacity, and density, also affect asphalt and soil temperature 

(Adwan et al., 2021) and should to be considered in analytical and numerical models. For 

analytical and numerical models, boundary conditions are also necessary (Chen et al., 2019; 

Hermansson, 2000). Although models based on the material properties of the materials can be 

used to predict asphalt and soil temperature, some parameters may not be available for specific 

road structures. In addition, the accuracy of the model accuracy may be negatively impacted 

due to the inaccuracy of one or more parameters (Chen et al., 2019). 

Conventional approachesðincluding analytical methods (Barber, 1957; Qin, 2016; 

Solaimanian and Kennedy, 1993), numerical methods (Hermansson, 2004; Mrawira and Luca, 

2002), and empirical methods (Asefzadeh et al., 2017; Heydinger, 2003a, 2003b; Li et al., 

2018), have been used to predict the temperature in HMA, base, and subgrade layers. In 1957, 

Barber (1957) developed a solution to predict pavement temperature based on wind, 

precipitation, air temperature, and solar radiation. The thermal properties of the pavement (i.e., 

density, specific heat, conductivity, and so on) and weather conditions are also necessary. Qin 

(2016) established an analytical model to predict the maximum and minimum surface 

temperature of pavement, as well as the amplitude of the variation in temperature with time 

based on the pavement surface absorptivity, the daily-zenith incident solar irradiation, and the 

reciprocal thermal inertia. Mrawira and Luca (2002) calculated pavement temperature using a 
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numerical method based on the estimated thermal conductivity and measured thermal 

diffusivity. Hermansson (2004) used solar radiation, long-wave radiation, wind speed, and 

convection to establish a finite difference model for predicting surface pavement temperature. 

Li et al. (2018) developed a statistical model to predict pavement temperature based on air 

temperature and solar radiation; however, this model is restricted to cases when the asphalt 

layer thickness exceeds 30 cm. The Strategic Highway Research Program (SHRP) and 

Canadian (C)-SHARP also resulted in two statistical models to predict the minimum 

temperature of HMA layers (Mohseni, 1998). Heydinger (2003a, 2003b) developed an 

equation to predict the temperature within the Ohio/SHRP test road. The empirical equation 

was based on daily mean temperature, amplitude of the temperature variation, and day of the 

year. This sinusoidal equation was the only model found in the literature to allow prediction of 

the temperature of the base and subgrade layers within the pavement, so the equation developed 

by Heydinger was used for comparison in this work. Asefzadah et al. (2017) were established 

to predict daily average pavement temperature, maximum pavement temperature, and 

minimum pavement temperature based on data collected at the IRRF test road in Edmonton, 

Alberta. 

The models mentioned above show high accuracy; however, they each have limitations. For 

example, although the consideration of temperature within the base and subgrade layers is 

essential for pavement design, most of the existing literature models can only be applied to 

predict the temperature at the pavement surface or in the HMA layer, with the exception of the 

empirical model developed by Heydinger (2003b). Other models, such as the default sinusoidal 

temperature model developed by Lei et al. (2011), can be used to predict soil temperature at 

various depths (e.g., 2.5 cm, 4.5  cm, 9.5  cm, and 18.5 cm). However, the model by Lei et al. 

(2011) does not take into account the impact of the HMA layer on the pavement structure, and 

can not be applied for temperature prediction of the pavement. The lack of models that can be 
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used to predict the temperature of the various pavement layers within the pavement structureð

e.g., the HMA, base, and subgrade layersðalso emphasizes the importance of extending the 

methods available for determining temperature throughout the pavement structure. 

In recent years, with the rapid improvement in computing capacity, computing methods based 

on artificial intelligence, including machine learning (ML), have received increasing attention 

for various applications, such as predicting the temperature within pavement structures. 

Gungor and Al-Qadi (2018) applied ML to calculate the temperature of an HMA layer using a 

model that included air temperature, direction and speed of the wind, dew point temperature, 

station pressure, and cloud ceiling. Qiu et al. (2020) used a type of algorithm known as a 

gradient boosting decision tree to predict the surface temperature of pavement during winter.  

The thermal properties of materials are very important for conventional methods but it is 

difficult  to obtain accurate data (like the thermal conductivity of a material is influenced by its 

status, such as whether the material is frozen or not), and once the temperature recordings are 

available, the ML models could be developed to predict the temperature for specific roads 

without the thermal properties of materials. The ML models (Gungor and Al-Qadi, 2018; 

Molavi Nojumi et al., 2022; Qiu et al., 2020) summarized above show high accuracy in 

predicting the pavement structure's temperature, and parameters related to the road materialsð

i.e., thermal conductivity, specific heat capacity, and so onðare not necessary. This indicates 

that ML models have potential for improving the temperature prediction at various depths 

within pavement structures. Although temperature of the soil layer also influence the 

pavementôs performance (Haghi et al., 2019; Smith, 2006), previous work (Gungor and Al-

Qadi, 2018; Molavi Nojumi et al., 2022; Qiu et al., 2020) focused on the temperature of the 

HMA layer and surface temperature. Thus, it is necessary to extend the application of ML 

models to different sub-layers. 
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The primary purpose of this paper is to apply ML algorithms for temperature prediction of the 

entire pavement structure at multiple depths. Temperature measurements from January 2013 

to August 2020 within both asphalt and soil layers at the IRRF test road in Edmonton, Alberta 

were used to train and test several ML models. The machine learning toolbox and regression 

learner in MATLAB were used to develop the models. Depth was used as an input parameter 

to train the ML models. Different algorithms, including linear regression, regression trees, 

support vector machine (SVM), gaussian process regression (GPR), and ensembles of trees, 

were examined. To evaluate the performance of the ML models developed in this work, the 

algorithm that gave the most accurate results was compared against literature models (SHRP 

(Mohseni, 1998), (C)-SHARP (Mohseni, 1998), a parametric model (Heydinger, 2003b) and 

statistical models). 

6.3. DATA COLLECTION  

The IRRF test road is situated on an access road to the Waste Management Centre in Edmonton, 

Alberta, Canada , where the minimum air temperature in winter can reach -38̄ C (Y. Huang et 

al., 2021). The test road comprises two lanes with a length of approximately 500 m. The 

pavement consists of a 0.25 m layer of HMA (0.09 m wearing course and 0.16 m binder course) 

on top of a well-graded granular base course (GBC) 0.45 m thick. Construction of the test road 

was completed in August 2013, with the road open to traffic in November 2015. Based on the 

data collected using the embedded weigh-in-motion system, an average of 368 garbage trucks 

drive on the test road every day. More details about the test road and its construction can be 

found in previous work (Haghi et al., 2019; Huang et al., 2021; Molavi Nojumi et al., 2022). 

Thermistors and CS650 time domain reflectometers (TDRs, Campbell Scientific) were 

installed in the HMA, GBC, and subgrade layer to collect asphalt and soil temperature at 

various depths. Figure 6-1 shows the cross-section of the test road, along with the location of 
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thermistors and TDRs, at depths of 0.02, 0.09, 0.17, 0.25, 0.50, 0.70, 0.80, 1.80, and 2.70 m. 

Identical sensors were installed at three locations for each depth to provide redundancy in the 

case of damage during installation or malfunctioning during operation. Temperature 

measurements are collected at each thermistor every 5 minutes. For the TDRs, temperature 

data is collected every 15 minutes. The data are transferred to the University of Alberta for 

analysis via a remote connection. All environmental parameters are based on data from the 

nearest Environment Canada weather station (Oliver ADGM), which is located 6 km from the 

test road location. 

 
 

Figure 6-1: Cross-section of the test road indicating the location of TDRs and thermistors 

6.4. MODEL DEVELOPMENT  

Environmental factors such as air temperature, solar radiation, relative humidity, and wind 

speed significantly influence asphalt and soil temperature (Adwan et al., 2021). The influence 

of environmental parameters may vary depending on location, depth, and pavement structure 

(Adwan et al., 2021; Chen et al., 2019; Molavi Nojumi et al., 2022). Hence, the impact of 

environmental parameters on the temperature of the HMA, base, and subgrade layers is 
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discussed in the following sections. Asphalt and soil temperature vary with seasonal changes 

(Huang et al., 2021). A time-related parameter, DOY, has been shown to affect the temperature 

of the HMA layer (Molavi Nojumi et al., 2022). Thus, DOY is also included as a parameter. 

DOY ranges from 1 to 365, and with DOY = 1 corresponding to January 1. Molavi Nojumi et 

al. (2022) developed ML models that outperformed traditional methods and showed higher R2 

value and lower RMSE values in predicting temperature within the HMA layer, but were 

restricted to a specific depth. The temperature measured by three sensors installed at the same 

depth showed the same results, thus in this work, the position in the horizontal direction is not 

considered and the depth is included as an input parameter, and the ML models have been 

trained using asphalt and soil temperature measurements recorded at multiple depths.  

Figure 6-2 outlines the procedure used to develop ML models. First, asphalt and soil 

temperature measurements were preprocessed, with irrelevant and noisy data removed from 

the dataset. Sometimes, the collected numbers are 7999 or NAN, which is considered noisy 

and removed from the dataset. Next, the time window for data analysis was selected. 

Temperature data from the three sensors located at the same depth should be the same, so data 

within the time window were compared for each time point. The analysis time window was 

adjusted to ensure that all asphalt and soil temperature measurements within the time window 

were consistent. When this was achieved, the raw data were used to calculate the average, 

minimum, and maximum daily temperature. Other input parametersðfour environmental 

parameters, one time-related parameter, and depthðwere integrated with the dataset using 

timestamps. Three data sets were prepared: one each for the average, minimum, and maximum 

daily temperature prediction, respectively. Each set of data included asphalt and soil 

temperature measurements at depths of 0.02 m to 2.7 m from the surface. 

For model development, data were loaded into the machine learning toolbox in MATLAB. A 

sensitivity analysis was conducted in which the correlation coefficient (R) was used to examine 
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the influence of each parameter on the prediction of asphalt and soil temperature. The  

coefficient of determination (R2) and root mean square error (RMSE) were used to evaluate 

model performance. Five different algorithmsðlinear regression models, regression trees, 

SVM, GPR, and ensembles of treesðwere applied. More details on the benefits of the different 

ML algorithms can be found in the literature (Baĸtanlar and ¥zuysal, 2014; Wei-Lun, 2011). 

Only the ML model using the algorithm that gave with the highest R2 and the lowest RMSE 

was carried forward and compared with other existing models from the literature. If the 

accuracy of a model was low, another sensitivity analysis was conducted to determine whether 

different combinations of input parameters would result in increased accuracy. The processes 

mentioned above were repeated three times, resulting in three ML modelsðone each to predict 

the average daily temperature, minimum daily temperature, and maximum daily temperature, 

respectively. 

 

Figure 6-2: Model building flow chart 
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6.4.1. Data Availability  

Table 6-1 shows the available datasets for the development of ML models. Due to technical 

issues, sensors at depths of 0.02 m, 0.09 m, and 0.50 m malfunctioned in 2016, and sensors at 

a depth of 2.70 m stopped working in 2017. As discussed previously, data were pre-processed 

to remove noise and irrelevant data, so that only valid data were used in model development. 

The number of temperature measurements available was highest for a depth of 0.17 m. 

Table 6-1: Data availability for development of ML models. 

Thermistor 

Depth (m) 
Start Date End Date 

Number of Daily Average 

Temperatures (Processed) 

0.02 Aug. 2014 Aug. 2016 731 

0.09 Aug. 2014 Aug. 2016 731 

0.17 Aug. 2014 May. 2020 2084 

0.25 Aug. 2014 Dec. 2016 855 

0.50 Jan. 2013 Jun. 2020 1849 

0.70 Jan. 2013 Jul. 2020 1769 

0.80 Jan. 2013 Dec. 2019 1554 

1.80 Jan. 2013 Aug. 2020 1904 

2.70 Jan. 2013 Dec. 2017 1402 

 

6.4.2. Sensitivity Analysis 

Table 6-2 shows the correlation between the input parameters and the average daily 

temperature of the subgrade layer at a depth of 0.70 m. These calculations were repeated for 

each depth, with similar results. Figure 6-3 shows the relationship between the input parameters 

and the subgrade temperature at a depth of 0.70 m. 

The correlation coefficient between the subgrade temperature and the air temperature was the 

highest (R = 0.91) for the four environmental input parameters, indicating that air temperature 

is the main input parameters for subgrade temperature prediction. The correlation coefficient 

between subgrade temperature and solar radiation was 0.72, indicating that solar radiation also 



    112 

affected subgrade temperature, but its effect was not as strong as air temperature. The influence 

of wind speed on the temperature distribution of IRRF test road was previously found to show 

obvious seasonal differences (Asefzadeh et al., 2017b; Molavi Nojumi et al., 2022). Therefore, 

to analyze the influence of wind speed, the year was divided into a cold season (October to 

March) and a warm season (April to September). The correlation of subgrade temperature with 

relative humidity is weak, as is the correlation between subgrade temperature and wind speed. 

As shown in Figure 6-3 (e), for the first part of the year, the subgrade temperature increased 

with as DOY increased. For the second part of the year, the subgrade temperature decreased as 

DOY increased. Therefore, to analyze the correlation between the subgrade temperature and 

DOY, the data were divided into two parts (1 Ò DOY Ó 181 and 182 Ò DOY Ó 365). The 

correlation coefficient for DOY and subgrade temperature was even higher than the correlation 

coefficient for air temperature and subgrade temperature. Based on the sensitivity analysis, 

DOY and air temperature are expected to be the most robust input parameters.  

Table 6-2: Correlation coefficients of air temperature, solar radiation, relative humidity, wind 

speed, and day of the year with subgrade temperature. 

Parameter 
Correlation with 

subgrade temperature (R) 

Air temperature (̄C) 0.91 

Solar radiation (W/m2) 0.72 

Relative humidity (%) 0.19 

Wind speed (km/h) 
Warm season 0.24 

Cold season 0.09 

Day of the year 

First part of the year 

(DOY = 1 to 181) 
0.94 

Second part of the 

year (DOY = 182 to 

365) 

-0.96 
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Figure 6-3: Relationship between average daily subgrade temperature (°C) and (a) average 

daily air temperature (°C), (b) average daily solar radiation (W/m2), (c) average daily relative 

humidity (%), (d) average daily wind speed (km/hr), and (e) day of the year 

Table 6-3 shows the results of training machine learning models for average daily temperature 

using different combinations of input parameters. Similar results were obtained for prediction 

of daily minimum temperature and daily maximum temperature. To predict pavement 

temperature at multiple depths, depth was indispensable as an input parameter. The ML model 

with depth and DOY as input parameters resulted in accuracy (R2 = 0.93 and RMSE = 2.86). 
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