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ABSTRACT

Pavements in cold regions face challenging environmental conditions, including prolonged
periods of extreme cold, frost heave, and freteasv cycles during late winter and early spring.
These factors contribute to premature damage, reduced servicedifaceeased 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 tredsdlenges, a fulscale Integrated Road Research
Facility (IRRF) test road was constructed in Edmonton, Alberta, Canada to investigate the
impact of the environment on pavement structures and thedomgperformance of insulation

materials.

Accurately predicting pavement temperature and moisture content within the base and
subgrade layers is crucial for assessing the-hmsmding 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 tombteler 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 comparedxistimmg models in the literature, showcasing

their potential for improved pavement performance prediction.

To investigate the lonterm effects of different embankment and insulation materials, Falling
Weight Deflectometer (FWD) tests were conducted onlf@ieF 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 efidrreed




aggregate and soil, as well as sectimssilated with bottom ash, demonstrated performance

comparable to conventional sections, exhibiting lower loss intheating capacity.

Additionally, machine learning models were employed to enhance road management practices.
Specifically, they were utiied 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, aificial 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 policie§ he cevelopment of pavement temperature and moisture content prediction
models requires a comprehensive dataset incorporating pavement measuremeuts, datas

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 conditedading long

periods of extremely low air temperature, frost heandfreezethaw cycles during late winter

and early spring. In winterthe air temperature dropsharply resulting in pavement
temperaturefalingbel ow 0 , the freezing point of wat
subgrade layers, which can result in differential frost heave in the pavement strEctste.
heave negatively afy Bogesturgirtreaserirothedaieswinteriod e q u
early spring, and ice lenses turn into liquid water again. However, as the pavement temperature
rises from top to bottom, the sublayemainsin a frozen state with low permeabilitthe

subgrade layer begins to accumulatgter, and the moisture contenttbé soil reaches the
maximum value, resulting in the pavenrearing capacityo fall to the minimum value

(Bayat, 2009) Both unbound pavement materials and thin pavesnam susceptible to

moisture content, and dtier moisture content in the thawing period can lead to lower load
capacity (Bayat, 2009; Salour, 2015J0 safeguard pavements during the thawing period,
seasonal policies like spring load restrictions (SLR) and winter weight premiums (WWP) have
been inplemented 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., 201L6)Pavements in cold regions generalkhibit premature
damagehave shorter service liveandincur 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 condeativo environmentaparameters thdtave been

shown tadominate the material propertiespavement and itstructural capacityBayat, 2009;
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Salour, 2015)Thus, a better understanding of the environmental factors within the pavement
structures could impk@ road management. A fidtale Integrated Road Research Facility
(IRRF) test road was constructed in Edmonton, Alberta, Canada to investigate the
environmental factors within pavement structures and thetkmng performance of insulation
materials Senorswereinstalled 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 paveroenstruction, 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 expionabf bottom ash's utility as an insulation

layer for safeguarding the subgrade against frost heave in cold regions only commenced about
two decades ag@Hashemian and Bayat, 201@revious studies have demonstrated that
bottom ash can effectively shiethe subgrade from freezirfglaghi et al., 20142016, 2018
Nevertheless, the loAgrm 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, lmaveasingly
gained attention in pavement performance prediction. Machine learning models have been
applied to predict the pavement temperature within the asphalt (lGyegor and AlQadi

2018; Molavi Nojumi et al., 2022; Qiu et al., 2020; Solaimanian and Kennedy, 4088)e

soil moisture content for agricultural applicatsoitherefore, artificial intelligence techniques
should be a practical option helpunderstand the pavement temperature and moisture content

within pavement structures under cold conditions.

In summary, a thorough examination of the existing literatutbi;ndomain underscores the

following primary gaps that demand attention and resolution:




A

Long-term performance and effects of the bottom ash on moisture content and structural

capacity are unknown

Existing prediction models only focus on estimating thegment temperature within

the asphalt layer
No temperature prediction model has yet taken the insulated layers into account

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

cold regions for the whole year

The startand 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 factanslgply

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 aimedhtaece 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

T

Qualify the bngterm performance aneffects 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 cajtgchanges of the IRRF test road after five years of operation.




T

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 baseunh 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:

A

Bottom ash can protect the subgrade layer from freezing and have a paofiitieede

on the structural capacity

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

by environmental factors

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

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

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

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

The test section insulated by the bottom ash layer demonstrates sppenomance
compared to the conventional section, exhibiting significantly higher structural

capacities following years of operational testing

Machine learning models can accurately determine the commencement and conclusion
dates of SLR and WWmy frost and thaw depthsoffering a valuable tool for

optimizing road management practices

1.4. Research Methodology

Figurel-1is the flowchart of this researchhis research was divided into three phases.
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Figurel-1: Theresearctilowchart

Phase Environmental data, pavement temperature, and moisture content were collected from
sensors installed ithe 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 therlorgffects

Apply ML models to
determine the start
and end dates of the
SLR and WWP

of the bottom ash layer on pavement temperature and moisture content




Phase 2Mlachine Learning Model Developmerkigure 1-1 is the flow chart for machine
learning model developmernih this phase, environmental factors, including aingerature,

solar radiation, and precipitation, were gathered from the Oliver AGDM (the Environment
Canada weather station located closest to the testanddytegrated with environmental data

by timestampA sensitivity analysis was conducted to expkbie 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 104 construct machine learning models for the

prediction of pavement temperature and moisture content.

The coefficient of determinatiofikf) and the rostneansquare error (RMSE) were utilized to
assess the performance of the machine learning modelszaélséf et al. (2017) previously
developed a statistical model to predict daily average pavement temperature within the asphalt
layer, achieving arR? of 0.849. The rationale for applying machine learning models for
pavement temperature prediction was toagrte the accuracy of temperature forecasts, with

an anticipated benchmark of 0.84%Itayev and Suppes (2019) developed a statistical model

to predict the unfrozen moisture content in winter, andfhealue was greater than 0.92 at a
depth above 1.40 m, while tfR8 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 learniagorithms 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 comparativdmanalysis.
the context of this researcl'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, andistefinear.

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. Taeutarity 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, beyod the kfold 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,
sud 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 byG@irssian distributions among
random variables, offer ngmarametric flexibility. These models, grouped into four categories
based on kernel functions, provide superior uncertainty estimations and response reliability
compared to kernalependent regressi 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 nodels and merge them into a decision tree, and boosted trees, which improve

performance by combining models using specific cost functions (Bonaccorso, 2018; Zeiada et




al., 2020). Further comprehensive information on these algorithms is available ingexistin

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

Crossvalidation was employed as a preventive measure against overfitting. In this method, the
testing data were initially divided into n groups, with five greutilized in this particular case.

Of these, (Al) 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 naw 5 in this research.

Phase JApplication of Machine Learning ModelMachine 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 pramipolicies.For the assessment of structural
capacities within the IRRF test road sections, leveraged Falling Weight Deflectometer
(FWD) tests, a nondestructive deflection testing method widely used in pavement engineering.
FWD tests involve the meamment 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 obtaned a dataset of deflection measurements. These measurements were instrumental in
our research as they allowed us to perform k=at&ulations to determine both the subgrade
modulus pavement moduluand effective structural numbarritical parameters fassessing

the structural integrity of pavementd/e utilized the pavement temperature and moisture
content datat the test dathrough machine learning modetscalibrate the results obtained

from Falling Weight Deflectometer testBhis backcalculaton 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 thefinal 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 regaitaits 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 promismdoe effective and

efficient road management practices

1.5. STRUCTURE OF DISSERTATION

This dissertation is structured in an integradeticle format. With the exception of the
literature review and conclusions chapters, all other chapters consist of iadlijadrnal

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 factorparement
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 investigats changes in pavement temperature and moisture content in the test road
over multiple yearsThis chapterlso analyzethe influence of external climate and insulation

materials on environmental factorsarking the initial phase of our research




Chapter 5 evaluates the effectiveness of machine learning models for predicting base and
subgrade layer temperatur&sis chapteutilizes air temperature and day of the year as inputs

for pavement temperatupgediction

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 botfbinisash.
chapterdemonstrate the robustness of machine learning models for predigiengement

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 pedicting moisture content variations throughout the.year

Chapter 9 focuses on the development of machine learning models to predict pavement
temperature and moisture content simultaneouBhys chapterincludes only three input

parameters: air temperagyday of the year, and depth

Chapter 10 assesses the variation in structural capacity among different test sections after five
years of operationThis chapterbackcalculats resilient modulus, effective modulus, and
effective structural numbers usingling 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 chapterdirectly use frost and thaw depths for policy determination and compare

predicted results to measured outcomes
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Chapter 12 provides a summary othe findings and contributions, draxconclusions, and

offers recommendations for future studies and practical application

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 chapte@hapter 2 serves as a literature review, introducing the impacts

of environmental factorand the application of artificial intelligence in pavement performance
prediction, setting the context for the research to c@hapter 3introduced the background

of the IRRF test roadChapter 4 initiates the research process by investigating -temnigp
environmental factors, paving the way for the development of predictive models in later
chaptersChapters 5 through9 progressively develop machine learning models for pavement
temperature and moisture content prediction, following a progression fronticsiynpo
complexity as illustrated in Tabl&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 ye@hapter 6 extends the temperature prediction to
various pavement layers, incorporating depth as an input parameter, and training models for
different temperature scenarioShapter 7 explores the application of machine learning
models within pavement structs, particularly focusing on insulation materials like bottom
ash and their impact on temperature predict@imapter 8 shifts the focus to moisture content
prediction, utilizing machine learning models and inputs like pavement temperature, day of the
yea, and depth to predict moisture variations throughout the y&aapter 9 combines
temperature and moisture predictions simultaneously, showcasing the potential of machine
learning to provide comprehensive insights into pavement condiGdragpter 10 extends the
investigation initiated inChapter 4, focusing on the enduring flnence of bottom ash
insulation on environmental factors. Furthermore, it compares the results of different sections

within the IRRF test road, providing insights into the ldegn structural capacity effects. To
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achieve this, we employed prediction misde 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 erironmental and structural aspects, shedding light on how bottom ash insulation
impacts bothChapter 11 explores the practical application of machine learning in determining

the timing of seasonal policies, aligning environmental factors with policyidegisaking.

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 influendadthe 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 subgradgel Chapter 12 culminates the study by
summarizing findings, drawing conclusions, and providing recommendations for future

research and practical applications, thereby closing the research loop.

Tablel-1: Research objectives in chaptérto 9.

Input Output
Chapter|  Section Air Pavement Day Pavement | Moisture
of the | Depth
temperature| temperature year temperature| content
5 Cont_rol a a a
section
6 Cont_rol a a a a
section
7 Insulgtlon a a a
section
8 Cont_rol a a a a
section
9 Cont_rol a a a a a
section
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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 deaking.
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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 ocagrehspring freezéhaw 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 O eltayev 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
permability remains low, leading to the accumulation of excess watds. accumulation
typically leads to an elevated moisture content in the sublayer during the thawing period,
resulting in the lowest subgrade modulus throughout theageahown in Figur@-1 (Bayat,

2009; Salour, 2015Haghi, 2019) As a result of these adverse environmental conditions,
pavements in cold regions typically experience more extensive damage, exhibit premature
deterioration, and suffer from shorteervice 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 tradfated factor¢Janoo and
Shepherd, 20QAsefzadeh et al., 2016laghiet al., 201% 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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Figure2-1: Conceptual pavement stiffness variations due to freezing and théSalayr,
2015)

2.1. ENVIRONMENTAL FACTORS FOR PAVEMENT

PERFORMANCE

2.1.1 Pavement Temperature

The rate and magnitude 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
moigdure content (Birgisson et al., 2000). Pavements situated in cold regions, exposed to
prolonged suizero temperatures and recurrent fretfmav cycles, tend to experience more
severe damage compared to their counterparts in warmer regions (Tighe €6)l.D20ing

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 180 x10
Pato 1.4 x18°Pa (Aidara et al., 2015). Additionally, extne 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 freezéhaw cycles can exacerbate damage through thermal cracking and

moisturerelated distress.

Furthemore, Fredlund et al. (1977) introduced a {payameter expression for resilient
modulus, with matric suction identified as the primary parameter affecting unsaturated soils'
behavior. This matric suction is significantly dependent on both temperaturaastlire

content, as demonstrated by Simonsen et al. (2002). They found that as temperatures drop from
0C to -20C, the resilient modulus of soil increases, emphasizing the profound influence of

temperature variations.

Moreover, Salour and Erlingsson (Z)Tonducted modulus backlculations 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, compar 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) (1.41% RA).
Simultaneously, the resilient modulus of the unbound layer decreases to £3Palfue 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 sd types (Popik et al., 2005). The Mechanidimpirical 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,nin tur
impacts the resilient modulus of unbound materials, thus influencing thééaaithg capacity

of the pavement.

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

variations, the material properties and road locatioay 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 excrease in temperature during the thawing period can
result in a significant decrease (AASHTO, 2008eanwhile, the pavement temperature was
used in the MechanistiEmpirical Pavement Design Guide (MEPDG) to Determine HMA
Mixture Properties for LoafRelaed Distresses as indicated in Figdrg (AASHTO, 2008).
Consequently, accurate estimation of unbound layer temperature emerges as a critical

consideration in pavement engineering.

TEMPERATURE QUINTILES
#2 #3 #4 #S

T
—

)

z = Number of
standard deviations
from the mean
f(r) temperature (z = 0).

Year=k
Month =i
Thickness Increment = j

20 %

O

z=-12816 z=-0.5244 z=0 z=0.5244 z=12816

Pavement temperatures within each thickness increment of the HMA layers are calculated for each
month via the ICM. The pavement temperatures are then combined into five equal groups, as shown
above, assuming a normal distribution. The mean pavement temperature within each group for each
month for each HMA thickness increment is determined for calculating the dynamic modulus as a
function of time and depth in the pavement.

Figure2-2: Graphical illustration of the five temperature quintiles used in the MEPDG to
determine HMAmixture properties for loacelated 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 intégwtably, it can affect soil
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structure through suction or pore water pressure, ultimately shaping subgradedoad
capacity. Soils reach their maximum density at an optimum moisture content, with- coarse
grained and fingrained materials experiemg substantial modulus increases when dry,
assuming all other conditions remain constant. Additionally, the modulus of cohesive soils is
subject to complex clawaterelectrolyte 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-temg 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, 2Z)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, padrtyduring winter and spring, moisture
content in the pavement layer is influenced by various factors, both environmental and internal
(Chuvilin et al. 2020Haghi et al., 2019; Jin et al., 2020; Patterson and Smith, 1980; Stein and
Kane, 1983; Topp et .all980). Winter in Edmonton, for instance, withesses average daily base
layer temperatures dropping as lowHsC ( Haghi, 2019. This temperature range falls below

the freezing point of bound water closely attached to mineral surfaces in soil, whichrgan
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 haueicated 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. 2020Hoekstra, 1967; Jin et al., 2020; Stein and Kane, 1983). The soil freezing
characeristic curve(Figure 2-3) suggests that even under extremely low soil temperatures,
residual water content remains in the soil (Anderson and Tice, W®ilin et al. 202Q
Consequently, accurately determining the unfrozen moistuneerbin 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, wheneoisture 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 precipitatin playing a limited roleHaghi, 2019.
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Figure2-3: Temperaturelependent unfrozen water contents in soils of different grain sizes
(a) and in sandy soil with different contents of kaolinite (b) and monillonite (c) clay
(Chuvilin et al. 202D
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Symbols in panels-a: 1 = clay silt;2 = silt-1; 3 = silt-2; 4 = sand (a)1 = sand;2 = sand with
15% kaolin;3 = sand + 25% kaolir} = sand + 40% kaolin (b}, = sand;2 = sand with 15%

bentonite 3 = sand + 25% bentonitd;= 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 temperalidresteo
(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 \aatare 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 accumuian during the thawing period typically leads to a
decrease in subgrade bearing capacity, a phenomenon referred to as thbdreeyele. Cold

regions experience multiple freetteaw cycles annually, with the number of cycles
significantly impacting theesilient 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 tenmeerat
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 havieng been employed as a conventional approach to safeguard pavement
structures from extreme cold weather conditions. Polystyrdapicted asan insulation
materialin Figure 23(a), has been a staple choice for protecting pavements in numerous cold

regiors since as far back as 1967 (Penner, 1967). Earlier research studies have demonstrated
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the effectiveness of agentimeter polystyrene layer in substantially reducing both thaw depth
and frost heave. Additionally, case studies examining pavement settleaventonsistently
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 K{fesch, 1973; Hayden and Sw&n, 1972; Tatarniuk and Lewycky,

2011).

Figure2-4: 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 Figure2-3(b)), a byproduct of coalcombustion, as an alternative insulation
material. Alberta, for instance, has continued to produce a substantial amount of BA due to its
coalbased electricity generation, accounting for 36% of electricity production in 2019
(Provincial and Territorial Egrgy Profiles Alberta, 2019). Extensive studies have established
BA as a highguality 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; L{ez 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 &sisen note that the

polystyrene layer's use led to increased temperatures in hot mix asphalt and base layers during
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summer and lower temperatures during winter (Haghi et al., 2014). Notably, an analysis of
falling weight deflectometer (FWD) test resuttsnducted one year after the IRRF test road's
construction revealed that the Brsulated section demonstrated lezdrying capacity
similar to the control section (CS, without insulation), while the polystymesidated section
experienced a significameduction in pavement lodaearing capacity (Haghi et al., 2016).
Furthermore, the BAnsulated section exhibited similar viscoelastic behavior to the CS;
however, the polystyreAesulated pavement proved more susceptible to damage during

summer due toigher 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 Bhghat (20
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 lotegm effects of bottom ash on batioisture content and
structural capacity. In Helsinki, Finland, a study revealed that frost depth in bottom ash sections
was only 40%60% of that in conventional sections (Field et al., 2011). Additionally, two
separate studies in Edmonton, Alberta (cotellicn 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 Delhifechnological 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% 12.4% 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 constructiets ¢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 pis a crucial role in sustaining Canada's economy, but the substantial

vol ume of heavy truck traffic places i mmens

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 frdeme cycles. During the thaw
weakening period, the temperature of the pavement structure rises, but theermsatent
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 Snelpherd, 2000). Consequently, roadways
become more vulnerable to the detrimental effects of heavy truck traffic, further exacerbating

the strain on the infrastructure ¢(8ladi et al., 2008; Bayat, 2009; Haghi, 2019).

To addresshese challenges, thoritiesin North Americahave implemented seasonal policies

like spring load restrictionéSLR) andwinter weight premium@WWP). SLR has traditionally

been introduced to protect pavements during the-thaakening 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 thehgobthe 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 restrictiortsrofesult 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 implementatisshown in Tabl2-1, 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 infrastructigerpation and the needs of

the industry is crucial.

Table2-1: Spring load restrictiondates in some Canadian provin¢€anada Cartage Group
of Companies, 2021)

Province Zones/Counties SLR Dates
Saskatchean South March 15/ June 15
North April 17 June 30
Manitoba Zone 1A March 61 May 29
Zone 1B March 8i May 31
Zone 2 March 197 May 31
Zone 3 March 23i June 10
Ontario Schedule 1 Highwayy March 1i April 30
Schedule 2 Highwayy March 1i May 31
Schedule 3 Highwayy March 1i June 30
Quebec Zone 1 March 151 May 14
Zone 2 March 151 May 14
Zone 3 March 22i 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 significantiypactroad performangeexisting modelgrimarily
focus on pavement temperature variations within the asphalt (Aghvan et al., 2021,
Asefzadeh et al., 2017; Milad et al., 2021; Molavi Nojumi et al., 20&#re has been limited
research attention on this aspeesulting in only a few statistical models being developed for
pavement temperature predictidrhne Stategic Highway Research Program (SHRP) and its
Canadian counterpart {EHRP) havéntroducedwo modelsdenoted as Equatidil (SHRP)
and Equation2-2 (C-SHRP) specifically designed fopredicting the minimum pavemien
temperature within the hot mix asphalt (HMA) laya&ding in theselecton of optimal asphalt

concrete mixtures (Mohseni, 1998).

Y oY TP T T T o Equation2-1

Y T LW T8t 1T ¢ T8t T 7YY Q 1 X Equation2-2

In both Equatioa2-1 and2-2, Tq ( C) representthe minimum pavement temperature at depth
d (mm) andTair min) ( C) representshe minimum daily air temperature.

Data collected from thimtegrated Road Research Faci(iigRF) test roaderved as the basis
for developingstatistical models predicg average, minimum and maximum pavement
temperaturghroughout the yeaiThe modelfor average temperature predictidividesthe
year into twoseasos a cold season (October to March) and a warm season (April to

September)resultingin Equation2-3 (for the warm season2-4 (for the cold season-5,

and2-6.

Y o0 Y 0 g Y Y CORY pm YY Equation2-3
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Y PX Yu o L PR o X pm YY ¢8o¢ (R Equation2-4

Y &) X T T G P& @ pTt Y'Y Eauations.5
I X LY Y 8 0 & o QO guation2-
Y ¢8t g o @) x T X p1m YY p@ YUy Equation2-6

whereTave( C) is the daily average temperature of the HMA layer( C) is the daily average
air temperatureSRis the daily solar radiation (kJfyd is depth (m) Tuma min) (C) is the
minimum daily HMA temperaturelair min) ( C) is the minimum daily air tempera&)iTdmax)
( C) represents the maximum daily pavement temperature atdi@pth), andTair ;max)iS the

maximum daily air temperature

All the models mentioned aboaeedesigned exclusivelfor the HMA layer and did not take
temperature variations within thease and subgrade laganto account.In the existing
literature,only onemodel stands out for its applicability to base and subgrade layers. This
model,proposed ¥ Heydinger(2003),take into account thedmse and subgrade layeasid

is representelly Equation2-7:

YO O OOENl 0 %o Equation2-7
wheret is time (expressed as the day of the yeaf)C) is the mean temperatui( C) is the
amplitude, andvis the normalized frequencw (= 2p / 365.25). To apply this equation, the
appropriate values oA and B are estimated based on asphalt and soilp&sature

measurement3he performance of the modaioposedy Heydinger(2003) will be discussed

in thesubsequenthapters.
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 kmahring capacity, diregtlinfluencing 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§2@0&veloped a parametric model based on field
data collected in North Texas. This model, presented in Equati8rend 2-9, effectively

captures both seasonal and transient variations in moisture content:

—r — —OBTo m¢@ 6 Q& &©'QE QO a Equation2-8

— w8 Equation2-9

where z is the depth (m), tis the time elapsed from an arbitrary starting pointg(day} the

soil moisture content (frtH.O/m?) at depth z and time tp is the average soil moisture {m
H.O/n?) at depth z over timag is the moisture content atgiven depth over timeyis the
angular frequency (equal tp 2 365 = 0.0172 daf), Co 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 (friH0/m?) and rainfall. Hedayati and Hossa20(5 calculatedg

based on all available fieldata collected at a depth ofln Equation2-8, 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 trendgBayat, 2009; Haghi, 2019and the model designed for moisture content
variation in warm regions cannot be directly applied to cold regions. As illustrakégures

2-5 and2-6, moisture content variation in warm and wet regions is primarily influenced by
rainfall (Hedayati and HossairR015) In contrast, cold regions experience freezing
temperatures in winter, causinget 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.
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Figure2-6: Subgrade resilient modulus and soil moisture cor{téaghi2019)
Teltayev and Suppe@019) developed a sedugarithmic function to describe unfrozen
pavement moisture content in winter, based on negative temperature (i.e. pavement
temperature was below 0€) and initial moisture content (i.e. before the pavement temperature
drops below €). The model was based on data collected in the eastern region of Kazakhstan,

as represented in Equati@siL0.

) Top prE o T LIS ™Broeg | $Y Equation2-10
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WhereWsis the unfrozen soil moisture content (% is the initial soil moisture content (%),
andT is the temperature (€), which is always a negative valllgs is the only available
model in the literature desigd 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 Enhaned Integrated Climate Model (EICMARA., 2004)is a widely utilized climate
prediction model that offers predictions for in situ pavement temperature, moisture content,
and stiffness moduli dhe pavement layers. However, there are certain limitatasseciated

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 thé bapacity 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 cent and frost deptfARA., 2004) Consequently,

the EICM cannot accurately predict the temperature of unbound materials within a pavement
structure. Birgisson et a(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 EICMaehed nearly 7€ during summer for dehsegraded 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 traufés, severalmodels have been propostx

determine the start and end dates of SLR and Wiiycumulative thawing index (CTI) and
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cumulative freezing index (CFEIYariousmethodsexist forcalculaing CTl and CFI.CTI can

be calculatedisingEquation2-11.

0"YO Y Y Equation2-11

whereTavg is the average daily temperaturre ands the average air temperature when the
asphalt temperture fluctiegaround @€ . T, should be calibrate by the local data and its value

varies with timeC F | i's the absol ut e tengpératuees falling delove s um
0C . Mahoney et al. (198 Quggestedhe calculation of CTl and Ckisinga fixed T, value of

-1.6 7T . Followingthe start of thawing period, the recommended CTI valuésoth o uvelvde | 0
and Anrewsetl 0 t lmplenseht®LR dese 15Cand BC, respectively. For thick

pavementsMahoney et al. (198 froposedEquation2- 12 to determineSLR lifting .

0 "YOn® 6 "00 Equation2-12

The ManitobeDepartment ofnfrastructure and@ransportatiomecommendethat SLR should
be applied when the CTI read€ -daysbut no earlier than March 1CTI is expressed as

Equation2-13 (Bradley et al. 2012)

oy |
5YO OOTUNG Y — Equation2-13

whereT; stars atl.7 € onMarch 1 and increasdaily by 0.06 € until May 31,after which

it resets to zerolmaxand Tmin are themaximum andminimum values of daily temperatures,
respectively. If Tmax + Tmin)/2 < Q then the daily TI will change t&; + (Tmax + Tmin)/4 to
compensate for the periechentheambient air temperatufalls temporarily below 0C. SLR
shouldbe removed no later thaight weeks after the application datdien the CTI reaches
350€ -daysor 31 May, whichever is soond he recommended start date of WWP is when the
CFl reached50C -days, corresporiag to a frost depth of 75 cm. Tliecommended removal

of WWP is when Tl reaches 1Gdays(Bradley et al. 2012)
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TheMinnesota Department dfransportation suggested Equatih4 to determine the SLR.
0 "YO O QYT OwQO® Equation2-14

A WhTgaR+ Tgin)/27 T, <OF andCTl1 O 0 . 5F il(Tmdx8TRin)/2] then daily Tl and

daily FI should both be assigné# -day.
A WhTaaR+ Tgin)/27 T; > 0°F then daily Tmax+ Tmin)/27 Tr and daily FI =OF -day.

A WhTah+ Thin)/2T Tr < OF andCTlh.1> 0.5 x[32F T (Tmaxt Tmin)/2] then daily Tl =

OF 'day and da"y FI=326H (Tmax+ Tmin)/2

whereCTl, representshe cumulative thawing index calculated over n dags -days) with

CTI reseting to zero on January. LTlni1 denotesthe cumulativethawing index for the
previous dayT; is the reference air temperatyrset at32 F for the month of JanuaryT;
decreasshby 1.5€Cdailydur i ng the yrst week of Felheuary
end of thawing seasoin this method, the threshold fonitiating SLR start is CTlI = 15 ©

days contingent ona continuotd@recast of notireezing weather conditions.

Nonetheless, these investigations often lack a precise delineation of the conclusion date for
Spring Load Restrictions, and the computation Gl and CFI presents considerable
difficulties (Asefzadeh et al., 2016). Determining the initial CTI calculadiate 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 direeinpaers, like freeze and
thaw depths, and the exploration of innovative methodologies such as machine learning, can

provide valuable insights.

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

2021) aims to diregtl determine the start and end dates of SLR and WWP by taking into
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account frost and thaw depthsdicating in Figure2-7. Leveraging machine learning to
determine the initiation and conclusion of these policies based on actual fraésaandepth

in the pavement offers a more dynamic and-diaiigen 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 poteatiahthance 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 thebgrade layer.

Depth from SLR on

pavement surface
B SLRoff

Freezing depth Current time

{  Thawing
Freezing | depth
thickness |

» Time

Figure2-7: Decisions regarding Spring Load Restrictions guided by freezing and thawing
depth forecastéBai 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 adidl intelligence (Al)techniques has gained significant
momentumin studying and improving road performanceparticularly in the field of
transportation infrastructure managemg@ijita et al., 2017; Inkoom et al., 2019; Marcelino

et al., 2019; Nitschet al., 2014)Traditional methods for predicting pavement conditions and
performance have their limitations, prompting researchers to expletev&ih solutions. This
comprehensive literature review aims to provide an overview ajrtheing body of research

on the use of Al, 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 subsetélpfoffer promising approaches to
enhancing our understanding of pavement performance. Compared to conventional methods,
these Al techniques have the advantage of automatically identifying patterns within complex
datasets and building predictive modelssmit ut t he need for manual

and Ozuysal, 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 applicatitwemf
learningbased regression models, highlighting the superior performance of Bidirectional Long
ShortTerm Memory (LSTM) algorithms in predicting asphalt pavement temperature.
Similarly, Molavi Nojumi et al. (2022) employed a machine learning modetddigt daily
average, maximum, and minimum pavement temperatures within the asphalt layer, achieving
impressiveR? values above 0.95. Tabrizi et al. (2021) utilized Convolutional Neural Networks
(CNN) to forecast hourly pavement surface temperature wétligifons 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 meitging the loaebearing 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 soragempts to employ Al 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 gropetetrating radar signals. Similarly, Xing et

al. (20T7) 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 pronsing 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;&8etal., 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 temperaamd 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 prdaia 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
capabilitiescontinue to advance, Alriven 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 anétérmination 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 ¢ight 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 Figes®. Stuctural pavement

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

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

Weight —» l..,ond?ng
‘ direction
= L ]
LS ‘
Load Plﬂm_l_._i(}mphnnc Road surface
200 100 150 150 300 300 300

Figure2-8: Arrangement of FWD equipment and sensor positions during field testing
The IRRF test road has extensively employed FWD testing due to idestmictive nature.

This method emulates dynamic loading similar to that expexteby 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 applicabilityrass 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 issuguch 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 moisturentent. The IRRF test road, located in an area subject to annuatl 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
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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. Pastwdtions 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/b 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 f@auses 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 initiativevolving 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-@awider

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 an®ts
granular base layer (GBC) overlying the subgrade layer and am@®®&5 hot mix asphalt

(HMA) layer atop the GBC layer. To gather traffelated data, a weigim-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 isalivided 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 empl@gethe 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, includisrlg bdttom ash layer

(BA), a0.10-m polystyrem layer (Poly10), and &.06-m polystyrene layer (Pol%), which
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are positioned between the GBC and subgrade layers. Notably, the section witbhnthe 5
polystyrene layer is left uninstrumented to avoid abrupt temperature transitions between the

control ard 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 Tir®erived 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-1). During construction, PLTT and soil were mixed onsite in a 50:50
volume ratio. All TDA backfill materials were enveloped in a nomen geotextile to prevent

mixing with the surrounding soil. To mitigate internal heating of the TDA, ar@ter layer

of native soil was placed between twem&ter TDA layers. Following three years of
monitoring, no internal heating was observed withia tire layers, leading to the subsequent

addition of a imeter layer of native soil atop the TDA layer.

( High Speed Data logger )

Bottom Ash
PLTT-soil mix
OTR

20 20 20 20 20 20 20 20 20 (m)

Insulated Sections TDA Embankment

(@)
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Figure3-1: (a) Test and control sections in tHRRF test road an¢b) the crosssection of the

IRRFtest road

The granular base layer (GBC) is characterized asgvatled gravel in accordance with
ASTM C 13606 and the Unified Soil Classification System. In contrast, the subgrade soil
exhibits clayey sand properties, as dethile Figure3-2. 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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Figure3-2: Particle size distributiom (a)granular base coursagyerand (b) subgrade layer

3.1. INSTRUMENTS

The IRRF test road was equipped with CS650 time domeflectometers (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 (spemfly Model 109AML 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 ofsim@sors at Hminute intervals. To facilitate

data analysis, information from the IRRF test road sensors was remotely accessed from an on
site computer. Furthermore, an-gffe computer located at the University of Alberta was used

for in-depth data anadys.

The TDRs employed the Topp equation (Topp et al., 1980) to calculate volumetric water
content (VWC) based on the bulk dielectric permittivity of the siéd),(as illustrated in

Equation3-1:

WWwo0 V& pTm CBC PTUL L& pTMUL T PTU Equation3-1

Here, VWC (mAMp represents volumetric water content, andy 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 electrom#égmeave to traverse from one end to another increases.
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This principle underlies the "Time Domain Reflectometer” prdteboratory tests were
conducted to calibrate the VWC using soil samples collected from the IRRF tesThead.
permittivity of water isinfluenced by temperature and water is the main contributor to soll

permittivity, so the soil permittivity is temperature dependent.

To eliminate the temperatutependent nature of the measured results, Equatib(Haghi,

2019) was aplied:

Wwd WwOFMIMYY ¢p TWo Q@ Equation3-2

where 21€ was used as the base point to calibrate the permittivity, X\M€E/m?3) signifies
soil permittivity with the temperature effect factomd, and T (€) represents the temperature
of the samplelt is important to note that soil permittivity is also influenced by soil type and

soil compaction.

Calibration for the granular base course and subgrade mateagtzarried ousing Equations

3-3 and3-4 (Haghi, 2019)

Wwo PT CWPw O T W T P Equation3-3

Wwo PP PO ¢ & wQ Equation3-4
where VWGssc (Mm3m?®) represents volumetric moisture content in the GBC |agad
VWGubgrade(M®/m?) signifies volumetric moisture content in the subgrade layer. Notably, the

TDRs primarily captured variations in liquigater content during the winter seagbluang et

al. 2023},

3.2. DATA AVAILABILITY

The IRRF test road has served as a focal point foremy research endeavors, and numerous
studies conducted during its early stages have laid a robust foundation forvésisgition.

Early contributions to the understanding of the IRRF test road include the following key studies:
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1 Nassiri et al. (2013) conducted a comparative analysis of FWD test results collected in
2012, providing insights into the initial conditions @frwus sections.

1 Meles et al. (2016) examined the influence of different tire embankments on load
bearing capacity using FWD test results obtained on August 28, 2013

1 Hashemian and Bayat2018) delved into the resilient modulus of pavements
constructed with different tire embankment materials, comparing them to the control
section.

1 Haghi (2019) investigated the impact of bottom ash on pavement temperature variations,
utilizing data colleted from October 2012 to June 2013. Additionally, seasonal effects
on the loaebearing 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-tengn 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 vatlating 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 tempekaidreoisture 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 10employed 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 Tailesd3-

2. The data underwent transformation into daily valtrésally, 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 trainingaéiddtion 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. Additially, 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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Table3-1: Temperature aa availabilityfor differentpavementestsections

Depth (m)| Start Date End Date Number of data points
(a) Controlsection
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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Table3-2: Availability of moisture contendata forthe 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




CHAPTER 4.LONG-TERM ANALYSIS OF ENVIRONMENTAL

FACTORS VARIATIONS IN THE TEST SECTIONS

This section has been publishedHagng, Y., MolaviNojumi, M., Hashemian, L. and Bayat,
A., 2021. Performance evaluation of different insulating materials using field temperature and

moisture data. Transportation Research Record, 2675(9), pp0595

4.1. ABSTRACT

Including insulation layers in pavement stireis 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 ges 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 seconchssction

a 10 cm polystyrene layer (Pely), 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 8ections 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 Polyl0 layers protected the subgeafiom freezing. The Pol§0 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 BellO 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- Edlection.
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4.2. INTRODUCTION

In cold regions, pavements are subject to harsh conditions, inclaiggperiods of extreme

cold temperatures, as well fisezethaw 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
occus when the temperature drops below (Teltayev and Suppes, 201®)e freezing point

of water. As the temperature incressethe late winter, ice lenses in the pavement begin to
melt. While thesublayeris still frozen its permeability remains lowand 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 contenthe thawing period can
potentially lead to lower load capacifiller et al., 2012, 2015; Salour, 2015Jhus,
pavemergin cold regions typically exhibpremature damage, and have shorter service lives

and higher maintenance costs, among othee&3ighe 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 structuremany cold regions since 19@¥enner, 1967)

Previous studies have shown th&i-em layer of polystyrene can significantly reduce both

thaw depth and frost heave. Moreover, case studies on pavement settlement also showed that,
for pavement sections thi polystyrene insulation layers, settlement was lower than for
pavement sections with a standard degigth, 1973; Hayden and Swanson, 1972; Tatarniuk

and Lewycky, 2011)Currently, a more environmentally friendly insulation matebattom

ash, hasalso been used in pavement construction. Bottom ash is a byproduct of electricity
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generation by combustion of coand is mainly composed of silica, alumina, and iron.
However, research on the use of bottom ash as an insulation layer to protect thaesinbgra

frost heave in cold regions only began two decadegt@shemian 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 sectioheofoad used to
investigate the longerm performance of bottom ash as an insulation layer. Studies were
conducted on the thermal performance of the bottom ash section ovetyaanrgeriod, the

effect of difference insulation materials on the lwsdiring capacity of the pavement,
pavement strength in different seasons, and damage evaluation of pavement with different
insulation layersThe results of this series of stud{efaghi et al., 2014indicate that insulation

layers can block heat exchangevibetn 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 wjrtetthatthe section insulated using bottom

ash also hdi a higher loatbearing capacity in nefreeze/thaw conditions than the section
insulated with a polystyrene lay@fiaghi et al., 2016, 2018Jhe pavement section insulated

with bottom ash alsbad a lower risk of fatigue cracking than the control sedtiaghi et al.,

2019)

Polystyrene board is a traditional insulation material, and much literature has already illustrated
its use for various applications. Recently, with economic developrardt 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 polystyrédough researchers have already
investigaéd how bottom ash influences temperature distribution in the pavestmaoture

(Haghi et al., 2014, 2016pnly one or two yearsvorth of data from immediatehafter

completion ofthe IRRF testroad constructio was available and no traffic loading data
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availableat that time The IRRF test road hasow been open to public traffifor over eight
yearswith detailed information about traffic patterns availdbden the time that it was opened

In previous studie on the insulated test sectignsioisture content variatiothat has a
significantly influence on pavement load capacity also was rarely involMed primary
purpose of this study is to investigate the kbeign thermal performance efch of theest

road sectiongcontaining either bottom ash or polystyrene as an insulation) lagderfield
conditions andhusdetermine how the insulation material influences the moisture content in

the subgrade.

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

an insulation layer, while an adjacent conventional surface remaindCdé&and Konrad,

2005, 2006)A test road in Quénec City was used to measure the rate of surface cooling of the
pavement. In this case, thayement had one layer of a granular material as a base course on
top of a clayed silt subgrade soil. For the uninsulated secticamal&yer of hot mix asphalt
(HMA) was placed on a 48.&m layer of granular material (base course). In the insulated
secton, the thickness of the HMA layer and the base course were the same as for the
uninsulated section, but achn polystyrene layer was placed at a depth of 21 cm. Compared to
the adjacent uninsulated pavement, the surface cooling rate of the pavementSveith a
polystyrene layer was drastically increased when a freezing front reached and stayed in the
polystyrene layer. The surface cooling rate was 0.20 to @8if for the uninsulated pavement,
whereas the surface cooling rate reached 0.46 to @&® in the insulated paveme(aé

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 nansulatedtest sections is not available.
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4.3. BACKGROUND

The IRRFtestroad is an access road to the Edmonton Waste Management Center (EWMC)
and is located5 km from downtown Edmonton. The test raamhsists of two lanes ans

about 500 meters longyith a pavement width of 14.1 m and a pavement slope of 4:1.
Constructionof the test roatbok place in two stages (as shown in Figt#B. The first stage

took place from May 2012 to August 2012, when a@fayer of HMA was completed. The
second stagmok placein October 2013with the existing HMA layer topped with another 9

cm of HMA. The test road has been open to public traffic since 2015@utmber) with
garbage trucks accoung for 10 to 200 of al traffic. Weightin-motion (WIM) systems
installed on the test road have been collecting data since June 2015. Ba¢ikd data, the
average daily traffic was 745 in 2015, 2312 in 2016, and 2548 in 20/E9age daily traffic

increased by 10%om 2016 ta2019

As shown inFigure4-1, 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 45cm granular base course (GBC) day 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. Closezkll Styrofoam Highload 100 extruded polystyrene boards, provided

by Dow Chemical Company, weused 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).

Figure4-1 shows the first section, from Station 18@40 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. Inttiree insulated sections, a 0@ bottom ash layer
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(B. Ash), a 1@m polystyrene layer (Pol§0), and a m polystyrene layer (Pol§) are located
between the GBC and subgrade layers. The purpose of the section containingnthe 5
polystyrene layer is tavoid a sudden temperature change between the control section and the

Poly-10section and thus this section is not instrumented ificedata is collected).
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Figure4-1: Cross section of pavement layersl asbuilt depth of thermistors and moisture
probes

Note:HMA = hot mix asphalt; GBC = granular base course; TDR = time domain
reflectometer.

Based on ASTM C 1366 and the Unified Solil Classification System, the GBC layer is well
graded gravel, and thsubgrade 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 plasic 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 ashsadisde 5%.
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The thermal resistivityR, of the insulation materials is defined by Equatelx

R-value =D / k Equationd-1
whereD is the layer thickness, alkds the thermal conductivityris generally used to compare
the resistance of a materialth conducting heat (i.ea material with higheR value shows
that a material is more effective as insulation). For bottomRshequal to 1.43 ROC/W,
while for the 10cm polystyrene board, tiRis 16.67m?OC/W (Klein et al, 2003), as in Table

4-1.

Table4-1: Properties of materials used in integrated nasgarch facility test road

construction
Material | G, (kdkgOC) | k(wimc) | | Ryalue Density Reference
(m20C/W) (ton/m?)

Qg;ﬂ‘;ft 0.92 1.21 0.13 2.35 TZﬁTl%ngt
ot o | aw | om | a0 | o
Subgrade soil  0.71 0.60 na 1.85 TZ?T&S;?”)H
Bottom ash 0.80 0.70 1.43 0.34 KI?zirc]) g; ;au.
Polystyrene 1.25 0.006 16.67 n/a Hezgzgilei)al.

Note: G = specific heat at constant pressiwe thermal conductivityn/a = notapplicable

During construction of the IRRF test rqalD9AM-L thermistors and CS650 time domain
reflectometers (TDRs) were installedmonitorvariation intemperature and moisture content
The thermistors only capture the temperatutegeneaghe TDRs record both temperature and
volumetric water content (VWC).€., water that is not frozenpAs shown inFigure4-1, one
thermistor was placed at a depth of 0.18 m in the middle of the HMAIlagtez control sectign
while nosensors was installed in the HMA layerkbath B. Ash and Poly10 sectionsTwo

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. IBthshsection, there arevie 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 Pely0 sectionone @ the bottom of the GBC layer, and four others

in the subgrade layer, along with two TDRs. One TDR is located at a depth ai @ai% the
pavement surface and just below thech® polystyrene, and the other one was installed 1
below this. AllVWC datacollectedwas adjusted using a formula determined by calibration of

the TDRsin the laboratoryThe 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 £nsors at 1\in intervals. Data is retrieved from tHRRF test roadsensors byemote
accessrom an onsite computerwith an offsite computer at the University of Albentaed

for analysisof the data

Precipitation is one of the most critical factorBuencing moisture content variation in warm

wet regions, withts effectdecreasing with increasing degtdedayati and Hossain, 2015)
However, in cold dry regionsuch as Edmontdnthe moisture content variation is dominated

by temperature instead of precipitation. For examplekigure 4-2, the moisture content
variation (as measured using a TIOR$-1 at a depth of 0.48 m, in the GBC layer) is shown for
2015, aswell as precipitation. Thebservedrend 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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Figure4-2: Moisture content variation at a depth of 0.48 mgfianular base coursayer)
and precipitation over time (2015 data)

Note: VWC = volumetric water content.

4.4. DATA COLLECTION AND ANALYSIS

4.4.1.Control Section

Ambient temperature dataenecollected from the ver AGDM weather station, which is the
weather station that is closest to the Edmonton Waste Management Gertrasa distance

of about6 km between the IRRF test road and the weather station, as determined using Google
mapg. From 2012 to 2020, the average air freezing index was IH&¥, and the air average
thawing index was 662Cday, based on air temperature recordings collectediae©AGDM

over this time period The daily ambient temperature over 42 months, alaith the
temperature measured in the base and subgrade layers, are shown iAd-Eigtnam October

2016 to April 2020, the maximum average daily ambient temperatuted@drage) was 268

and the minimum average daily ambient tempeeat 24 h average) was

-38 C (January 14, 2020).

Figure4-3 illustrates the temperatig®f the basand subgradéyersof the control section
from October 2016 to April 202@s a resulof technical issues, temperatut&afor 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 lay@callected using a TDRES2
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and a TDRCS4. The ashuilt depths for the TDRCS-2 and TDRCS4 sensors are 0.67 m
and 1.79 m from the pavement surface, respectiVamperaturalata which was collected
from the sensorsvery 15 minutes, areused to calculatthe averagedaily temperatureThe
temperature in thiease layewas observed tochange synchronously with ambient temperature,
but thechange irsubgrade temperatul@yged behindThe lowest temperature recorded in the
base layer wasl4 C (January 18, 2030The temperature of base layesisbelow 0 C from
November to Aprilhowever, the subgrade temperature remained betvte€rand 0C from

January to April.
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Figure4-3: Daily ambient temperature and average daily temperature from sensors installed
in the base layer and the subgrade layer (control section)

Figure4-4 indicates thevariation intemperaturevith depth from February 2017 to January
2018 for the control sectiols seen irFigure4-4, therange intemper&ure valuesdecreases
with increasing depth. The temperature in the HMA lggéea depth of 0.18 mjaries from-
23 C to 32 C, whereas the temperature variation at a depth of 2.70 m is betweeand 16C.

The base layer stays frozen from November toddawhile the subgrade layer is frozen from
January to MarchAs seen inFigure4-4, 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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decreass with increasing depth, temperatures belo@ @re observed in the subgrade until a

depth of 2.1 m is reached.
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Figure4-4: Temperature variation with depth in the control section ofritegrated Road
Research Facility test road

VWC in the various layers was determined usiliRs (excluding frozen water) and subgrade
temperature. Once the temperature drops bel@y the form of watechangegrom liquid to
solid, so when the subgrade temperature goes bel@wvirD the wintey VWC decreases
(Teltayev and Suppes, 20189pater, when the subgrade temperature increases adloy¢\WC
spikes, and, due to inadequate drainage of the lower froden spring, the moisture content

reaches the highest value of the year. As the accumulated water slowly drains and evaporates,

VW(C falls to a more stable value.

Figure4-5 (a) shows the daily pavement temperature and VWCthar controlsectionat a
depth of 0.80 m (the dwmuilt depth of the sensor TDRS3 is 0.83 m). The subgrade
temperature varied fronl0 C to 28C, and VWC ranged from 0.03%k.0/m? to 0.39 nd
H.O/m®. At the top of the subgrade layerWC started to drop in December, reached its

minimum in about February and increased to its highest value in March.
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Figure4-5: Volumetric water conterVWC) and temperate in the control section: (a)
depth of 0.8 m and (b) depth of 1.8 m

Figure4-5 (b) shows the daily pavement temperature as well as WoW@he control section
recorded by TDRCS-4, which is installedl meter below TDRCS-3 in the subgragllayer (the

asbuilt depth for TDRCS4 is 1.82 m). From 2014 to 2015, the temperature of the pavement
varied betweer2 C and 22C and VWCranged from 0.06 mH.0/m3to 0.36 ni H.O/m®. At

a depth of 1.8 m from the pavement surface in the control sedfiti§; was observedo
decrease in February, reach its minimum in February 2014 and March 2015, and reach its

maximumin May 2014 and 2015
4.4.2 Bottom Ash Section

Figure4-6 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 sensorsBl'lAsh-1 and THB. Ash-3 (see Figurd-1), with

asbuilt depths of 0.72 m and 1.80 m. The maximum base temperature observed @as 28
July, and the minimum base temperature vtasC on January 17, 2020. Over the same time
period, the temperature in the subgrade layer varied #& to 15C, never dropping below

0C.
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Figure4-6: Daily ambient temperature and average temperature recorded at sensors installed
in base layer (depth 0.72 m) and subgrade layer (depth 1.80im¢gnated Road Research
Facility test road section insulated with bottom ash

Figure 4-7 shows the temperature distribution in the test section insulasety 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 aailereastge

because ofhe presence of the bottom ash layer. The temperaturee bottom of th&BC

layer (at a depth of 0.60 myaries from-10 C to 27 C (a range of 3TC), the temperature at a

depth of 1.80 m varies from @ to 15C (a range of 13C), and the temperature at a depth of

3.2 m varies from X to 13C (a range of 10C). The GBC layer remains frozen from
November to March. At the same tintbe maximum frost depth of tHe. Ash section was

1.60 mand the temperature of the subgreel®ained above C all year
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Figure4-7: Temperature variation along depth across pavement structure in the bottom ash
section
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Figure4-8 presents VWC and daily average temperature redandée section of the test road

insulated with bottom ash. The data was collected using the senseBTRsk1 (see Figure

4-1) which is located at a depth of 1.85 m. VWC varied from 0.3 Hp®/n? to 0.31 ni

H.O/m?®. The temperature dhe subgrade below the bottom ash layer never dropped below

0 C, 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
Hoekstraods | aboratory measur ements of moi s
soil (Hoekstra, 1967)t was shown that moisture content migrates from thawed to frozen areas

of soil when there i& moi sture content gradient . Acco

coefficient of permeability can be expressed asgoation4-2:

Q 00 Equatior4-2

wherek is the coefficient of permeability (cm/s)C is a constant ranging from 0.4 to 1.2
(typically assumed to be 1.0), abbis the grain size corresponding to 10% by weight passing,
also referred to as the effective size (nfrdzen, 1892)In thiswork, 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 subgradekssil).03 cm/s, and for bottom ash,

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 depth8omlindicates that water

migrated upwards to the bottom ash in the winter due to water suction.
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Figure4-8: Volumetric water conterf WC) and temperature in the bottom ash test section
measured at a depth 1.8 m

4.4.3. Polystyrene Section

Figure 4-9 shows the base temperature and subgrade temperaturelRRiRdestsection
insulated with 10 cm of polystyrene bodrdm October 2016 to April 2020. The-bsilt

depths of the sensors, as shawkrigure4-1, were 0.64 m(GBC layer) 0.75 m(subgrade

layer), and 1.75 ngsubgrade layer)rhe temperature observed at these ttiegds varied from

-26 C to 31C, 1C to 13C, and 3C to 11C, respectively.Below the Poly-10 layer, the
subgrade temperaturemainedabove freezingThe lowest base temperatur26 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 subgradecameéter 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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Figure4-9: Variation in daily amkent temperature and average temperature over time at
various depths in the 1Ifn polystyrene test section

Figure 4-10 presents the variation in pavement temperature with depth ireghaection
containing10 cm polystyrengrom February 2017 to January 20Tkhe temperature was
recorded by five thermistofas in Figured-1): sensor THPoly-1 islocatedin the GBC layer,
with an asbuilt depth of 0.64 mandsensor THPoly-2 is just below the polystyrenayer,

with an asbuilt depth of 0.75 m. The temperatureasured withinhe GBC layeiindicates
that it is frozenfrom November to March. The temperature variation measured by the
thermistor THPoly-1 (GBC layer)yanges from14 C to 26 C, a difference ofi0 C. In contrast,

the temperature measurnedt below the polystyrene layer (yH-Poly-2) ranges from IC to
12 C, a difference of 1IC. Thel0 cm polystyrene layer blocks heat exchange between the
GBC layer and the subgrade layer, which leads the teyerto decreasapidly withdepth
over a short distance (0.11 m). The yearbriationin temperature measured at depths from

2.25 m to 3.25 m in thBoly-10test section is less than@ as shown in Figuré-10.

Figure4-11 shows the temperature and V\Wi@asured just below the polystyrene laysing
TDR-Poly-1, which has an aBuilt depth of 0.75 msee inFigure4-1) from January 2013 to
January 2017The same dats shown for a dept1l m below (measured usiidPR-Poly-2,

located at an alsuilt depth of 1.72 mjrom January 2013 to January 2015.
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Figure4-11. Change olVolumetric water contertY WC) and temperature in tHd cm
polystyrenesection at depths of (a) 0.8 m and (b) 1.8 m

As discussed previously, due to fitease change @fater from liquid to solid at @, the VWC

of the subgrade layewill drop in winter. Figure4-5 (a) shows the change in VWC in the
control section at the same degibwever the subgrde in thetestsection is insulated by the

10 cmpolystyrene layer. For thBoly-10 section, the subgrade temperature remains above
freezing all yearand there is no significant drop in VWC observed during the wiAiep,

the temperaturef the GBC(above the polystyrene layathanged from14 C to 26 C, so the
GBC layerin the Poly10 sectiorwill have frost in winter. Unlike VWC measured at a depth

of 1.80 m in théB. Ash section, VWC measured at a depth of 0.8 m iPthg 10 section only

variesbetween 0.24 FAH>O/m® and 0.27 mH,O/md, a difference of 0.03 fr.water/n¥. This
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means thaho water suction occurs, and moisture does not migrate from the subgreste
there is no freezingo the frozen GBC layefl.hedeepest sensor in th®ly-10 section (TDR-
Poly-2) is at 1.72 mand VWC varies from 0.27 tiH.O/m3 to 0.29 ni H,O/m?® at a depth of
1.80 m, a difference afnly 0.02 n¥ H,O/m3. Thus, he VWC of the subgrade does not change

as much in théest section insulated wittD 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 TdbR 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 Pdlysection was 31€, 3C higher than the control
section. From April 2019 to April ZD, the maximum base temperature in the control section
was 26€C, 3€ higher than the B. Ash section and 2€C lower than the Ptlysection. In the
summer, the maximum base temperature difference observed between the control and B. Ash
sections was 3CHowever, in the winter, the maximum base temperature difference observed
between the control and Pely) sections was 12€. Furthermore, in winter, the maximum base
temperature difference between the control section and the B. Ash section was 3€C. The
pavemat 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 pronetenipsrature cracking.

This is in contrast to the B. Ash section, which performs closer to the control section; thus, the

bottom ash layer prevents lel@mperature pavement damage more effectively.
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Table4-2: Thermal characteristia# 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 121028 | -14t028 | -24t031 | -14t026| -17t0 23| -26 to 28
temperature (€)
Subgrade 1t019 | 2to15 4t011 | -1t018 | 2t0o4 | 31010
temperature (C)
Temperature -2.2t0 -1.3to
gradient (€/m) -5.7t06.1| -26tol1.4| -1.7to2.1 na 12 29
Rate of base
temperature 0.23 0.24 0.32 0.23 0.23 0.23
change (C/day)
Rate ofsubgrade
temperature 0.12 0.12 0.03 0.10 0.31 0.31
change (C/day)
Rate of
temperature
change 0.07 0.04 0.03 n/a 0.12 0.12
at deepest sens(
(Clday)

Note:CS = control section; B. Ash = bottom ash section; R0y 10 cm polystyrene
section; na = not applicable.

Rwas used to justify how insulation materials influence the temperature®Rtardhe bottom

ash layer is 1.43f€/W, while Rfor the polystyrene layer is 16.678YW, ten times that of

the bottom ash layeFhe polystyrene layer, with a highy 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 10potystyrene 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, theaximum difference observed in subgrade temperature was 20C,

13€, and 7€ for the control section, B. Ash section and R&ly section, respectively. In the
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same period, the bottom ash and 10 cm polystyrene layers had a lower difference in subgrade

tempeature, and in both cases the temperature of the subgrade remained above 0C 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, vagultsssummarized

in Tables4-2 and4-3. The temperature gradient was calculated using Equ&fion

Y'Y .
Q&N Q1 @ GIOmGES Equationd-3

whereDT; is the difference in temperature (as measured by the shallowest and deepest sensors

in the subgrade), arfidD is the distance between the sensors.

The rate of temperature change is calculated as in Equatipn

- Y'Y ond-
YOE0 06 h Qi dshe 100 Equations-4

whereDT> is the temperature difference between the maximum and minimum temperatures
over the time period, anidt; is the change in time. A lower value of temperature gradient or
rate of temperature change in the subgrade layer demonstrates that the materialos®@rks
effectively as an insulation layer. The comparison éatiwat 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 sectidns defined as in Equatiod-5.

0 anwiiaee: Equationd-5

YQan Qi @aé "o d WE TR Qoo dEEEE oii 'Bo ¢
YQA R QI @aE 'O d W E & ol Badho QE &

Since there are no data available from sensor-TU3% 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 sectiootavailable for that period.
The temperature gradient for the control sectieB.i&to 6.1€/m, while the same value ranges
from -2.6 to 1.41€C/m and-1.7 to 2.1C/m for the B. Ash and Pol%0 sections, respectively.
For the next year when data asaiable (April 2019 to April 2020), the Pcli0 section has

a lower temperature gradient than the B. Ash section.

Table4-3: Compaison of rates of temperature change of test sections with control section for
different layers

February 2017 to April 2019 to April Average
January 2018 2020 9
B. Ash Poly-10 B. Ash | Poly-10 | B. Ash | Poly-10
(%) (%) (%) (%) (%) (%)
Rate of temperature a4 -39 0 35 2 37
change in base
Rate of temperature 0 75 220 70 -10 73
change irsubgrade
Rate of temperature
change at 43 57 na na 43 57
deepest sensor (subgrad

Note:B. Ash = bottom ash section; Pely) = 10 cm polystyrene section; na: not applicable.

The annual average rate of temperature change lagelayer was 0.23C/day, 0.24€C/day,

and 0.32€C/day, for the control section, B. Ash section, andR06lgection, respectively, from
February 2017 to January 2018. The results for April 2019 to April 2020 did not change
significantly, so the test sectiansulated 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€/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 yiseypoie 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 deepmssor, 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 Pol10 test section. The rate of temperature change at the deepset was

similar for the B.Ash and Polyl0 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 polyGstyrene

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 leadbtedr 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 Januay 2018, as shown in Figukel2. 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, andlBagction, respectively.

Thus, both bottom ash and polystyrene layers decreaseimum 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 abfecting the subgrade.
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Figure4-12: Maximum frost depths for test sections fréebruary 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 Pely) sections are shown in Figu4€l3 and Tablel-4.

Based on the temperature and VWCthe subgrade, the year can be divided into times

which the ground is frozen (frozen period), thawing (thawing period), and with no freezing or
thawing (nonfreezé thaw period)(Haghi et al., 2018)Late summer, when the ground is
drained and recoved, belongs to the neineezé thaw period. It is clear that only the control
section freezes at a depth of 1r@BGrom the pavement surface in the subgrade during winter,
and both solid and liquid water was present in the subgrade layer.

OTDiwwo 0 € v QA wWd Equation4-6

0@ & "Q@NE — T
U € U @iwoo

During the two monitoring periods, VWC is the most stable in the-Polgection, with the
lowest change ratio, between 0% af¥d, 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 033@p®/m® in 2013 and 0.33f
H.O/m®in 2014, which was higher than the maximum VWC observed in the B. Ash and Poly

10 sections in May. Saleif2004) and Bayat(2009) have reported that there is an inverse
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correlation between resilient modulus and soil moisture content. In Alberta, wasstlo
subgrade resilient modulus typically is observed in April and [Ayities, 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 subgrada\aidithe lower load capacities in May.
VWC was more stable and had a lower value in the-B@lgection, so, with respect to load

capacity, the polystyrene layer functioned better as an insulation layer than the bottom ash layer.

Although extruded polystyrertgoard works effectively as an insulation material and is time
saving for construction, previous studies have shown that it is not-eftedive solution as

an insulation materigdEdgar et al., 2015; Haghi et al., 2016; Uzarowski et al., 26i8ye\er,

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 previodg sampared 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 effectitr@n polystyrene. Since the maximum frost depth in the IRRF
test road was determined to be 21 that study, bottom ash was considered to be the more

costeffective materia{Haghi et al., 2014, 2019)

69



0.5 T 40
« VWC at CS
« VWC at B. Ash
« VWC at Poly-10

0.4! ° Temperature at CS 30

Frozen pericd Thawing period Non-freeze-thaw period Frozen period Thawing period
— > > g >

20

VWG (m® H,0/m®
)
Temperature (°C)

-10

- . -20
Jan-13 Jan-14 Jan-15
Date

Figure4-13: Temperatur@and volumetric water content (VWC) at a depth of 1.8m (subgrade)
for control section, bottom ash test section, and polystyrene test section

Table4-4: Moisture content andhange ratio

Vear Volumetric water content (m* H,O/m?®) Change ratio (%)

cs B. Ash Poly-10 CS B.Ash | Poly-10
2013 0.26 10 0.36| 0.21t00.31 0.27 38 48 0
2014 0.25100.33] 0.20t0 0.30/] 0.27 t0 0.29 32 50 7

Note:CS = control section; B. Ash = bottom ash section; R6ly 10 cm polystyrene
section.

When choosing material for an insulation layer within pavement, there are also other factors to
be considered, such as pavement{badring capacity. Various reports in the literafiitaghi

et al., 2016, 2018, 201@jscuss how bottom ash and polysheaeboard influence structural
capacity and pavement life. The use of 10 cm polystyrene boardisudation layer in the

IRRF test section could potentially result in a loss of 34% of theleating capacity of the
pavement structure compared with t@ntrol section, whereas the 100 cm bottom ash layer

does not have a negative impact on theoaaring capacityHaghi et al., 2016)

Since the IRRF test road was opened to traffic in 2015 (over five years ago), no visible

pavement deflection has beelnserved 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 setection
insulation material, this would require regularsite 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 usingensors 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 lotgrm performance of bottom ash (100 cm) and extruded
polystyrene board1Q 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 ttom 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 extrudpdlystyrene board and 100 cm bottom ash) block
heat exchange between the base layer and the subgrade layer. The testysection, with
a higherR (16.7 nf€C/W), resulted in a larger temperature variation in the base layer than
the B. Ash section, whithas arR of 1.4 nfC/W. Furthermore, the difference in base
temperature between the control section and the-Bblection in winter is 12€C, which
is four times the temperature difference of 3C observed in summer.

2. During the two monitoring periods,odm October 2016 to January 2018 and April 2019 to
April 2020, the rate of base temperature change is highest in thd®ebsction. The base

temperature change rates for the control section and the B. Ash section are the same,
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0.23C/day, while the tempmature change rate of the base for the HAdlysection is
0.31€/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 ininter.

. 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 ca®otion. 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 theiseatvith bottom ash, so the subgrade
temperature in the Poli0 section is the most stable among these three sections.

. The maximum frost depths observed are 2.10 m, 1.60 m, and 0.75 m for the control, B. Ash,
and Polyl0 sections, respectively. Comparedhathe control section, the test sections
insulated with bottom ash and polystyrene showed a reduction in frost depth of 23% and
70%, respectively.

. Pavement temperature data indicated that subgrade temperature of the B. Ash section never
dropped below 0€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 botbm ash layer caused VWC in the subgrade layer to decrease in winter. At the
same time, the VWC of the subgrade in the Pdlysection did not show any variation at

a depth of 0.80m.

. The VWC change ratio (in the subgrade) for the Rdlysection was founatbe 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 Polyl0 section. In spring, the control section, which hashigbest 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 dtratbbttom 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 t@imperature 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 polystrene 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 ttetoperature
crackng. Thus, while the 10 cm polystyrene insulation layer protected the subgrade from
freezing, it made the top layers more prone to-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:

1 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 impct pavement behavior over time.
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1 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 byipgoaitdenchmark 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 grengthen the robustness of our investigations.
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CHAPTER 5.APPLICATION OF MACHINE LEARNING MODEL IN
TEMPERATURE PREDICTION OF UNBONDED MATERIAL

LAYERS

This sectiorhas beempublishedasHuang, 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 TranspoEagimeering, 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 mateial 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 approachenrssrhing,

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 machinepanodels. Finally, high
performance machine learning models with two parameters (air temperature and day of the
year) were developed to predict the average daily pavement temperaturnie2at hh5elow

the road surface. The accuracy of the temperatutee 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, temperajuediction 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 mainly dominated by pavement temperature and moisture content
variation (Birgissonet al., 2000). Pavements in cold regi@nghich are subject to low
temperatures and multiplireezé thaw cycled tend to be more severely damaged than
pavement in warm regiondighe et al., 2006). In winter, as the temperature in the hot mix
asphalt (HMA) layer dropped, the modulustioé HMA layer was observed to increase from

1.0 x10° Pa to1.4 x 10 Pa (Aidaraet al., 2015). Fredlund et al. (1977) proposadwo
parameterexpression for resilient modulus and found thegttric suction was the primary
parameter affecting the behaviof unsaturated soils. Meanwhile, matric suction was highly
dependent on temperature and moisture content. Simonsen et al.f@0@R)hatthe change

in soil resilient modulus was dependent temperature change, and the resilient modulus of
soilincreasedhs t he temperature decreased from O0AC
backcalculated the modulus based on falling weight defleetemdata, 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 alicase 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 ¥a). Simultaneously, the resilient modulus

of the unbaind layer also decreases to 1.3 ¥%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 (Popilet al., 2005). The method outlined the MechanistkEmpirical

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 (AASHZ@S8). The
temperature affects the resilient modulus of unbound radgewhich impacts the lodakearing
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 madé properties and the road location, seasonal temperature
variation could affect the properties and performance of the unbound layer (AAZQTE).

For example, for a weak subgrade soil, freezing could result in a significant increase in resilient
modubs, and an increase in temperature of the unbound layers during the thawing period leads
to a significant decrease in resilient modulus (AASHZQ08). Thus, accurate estimation of

the temperature of the unbound layers is important.

Although realtime temgrature 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 anidicolle
system to all roadways. Furthermore, maintenanoetisimple, 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 associateenvdlial 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, maemperature 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,
Asefzadeletal., 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 gapacitthermal
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 chaitlyéme (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 msured temperature and temperature predicted

using EICM was found to be nearly 7€ in summer for degsaded base material.

Most existing literature models for the prediction of pavement temperature are specific to the
asphalt layer. Only one model, a wsoidal 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 temperatuie 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 expandiladplavaiethods 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) maycentie
pavement temperature distribution, either directly or indirectly; thus, it is a very complicated

problem to predict pavement temperature at different depths (Birgssah, 2000).
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Conventional methods, including numerical models (Akval., 2014; Hermansson, 2004;
Minhoto et al., 2005), analytical models (Dumais and Doré 2016), and regression models
(Asefzadehet al., 2017; Islamet al., 2015), have all been used to predict the pavement
temperature in the asphalt layer, but difficulties awgl 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 andisgrade layers (Haglet al., 2016; Huanget 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 intelligemogared with

the conventional methodkscussed 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 mariotdrvention. Even with very large data

sets, machine learning can be used to make successful predictions in reasonable times

(Baktanlar and ¥zwuysal, 2014) .

Recently, machine learning methods used to investigate road parameters and performance have
been rported 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 (In&balm 2019)], detect cracks
(Fujitaetal., 2017), evaluate pavement roughness (Nitethé, 2014), predict international
roughness index (Marceliregal., 2019), and predict the alligator deterioration index (F&tthi

al., 2019). All the machine learning nmad reported in the literature show high accuraicg

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 ofvir@aqra
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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 ratunge a baclpropagation

(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 subsequemt(8u 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 exgss route, with a roaheansquare error (RMSE) within 3€ and
accuracy of 81.8% (Liu et al., 2018). As part of a University of California Pavement Research
Center study, a fodayer artificial neural network model was designed to predict pavement
temperaure 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 maxiryypadainent
temperatures in the HMA layer. The accuracy of the machine leaafgogthms was found

to be higher than the accuracy of existing analytical and statistical models (Nojumi et al., 2021).

The main objective of this paper isdomparevariousmachine learning algorithrbs a bof | i t vy
predicing pavement temperature in differefdyers The machine learning algorithms
investigated in this work were compared with an existing literature model for base and
subgrade temperature prediction (Heydin@&03) 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 aeds, were also compared. Machine learning-bmxes 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 Redoty 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 EdmontorCanada. Construction of the IRRF test roadtstaim 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 embankpaekfill materials and
pavement structures, as described elsewhere (Netsaliri2013). In this paper, the focus is on

data collected in the control section, located from $330 mto 130+ 260 m, as shown in
Figure5-1.The pavemerstructure consists of a 2%n layer of HMA (a 9cm wearing course

and 16cm binder course) on top of a welladed, 45cm granular base course (GBC). The

HMA mixes for the wear and binder courses were based on City of Edmonton Transportation,

Canada (202) 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 sensorslvéPent 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.F@b-1 includes a cross section of the test raadl a
indicakes 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[ Ditee

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 &cnoéthe sensors
at 15min intervals. Data were retrieved from ansite computer using remote access, and an

off-site computer was used for data analysis.
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Figure5-1: IRRF test road pavemestiructure, 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 isglagnd and the GBC is
well-graded gravelThe gravel used in the GBC layer had a maximum particle si¥@ wim.

For the subgrade soil, the liquid limit was 25%, the plastiex was 9%, and the maximum

particle size was 0.5 mm.
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Figure5-2: Particle size distributiom (a) GBClayerand (b) subgrade layer
5.4. PROCEDURE FOR MODEL DEVELOPMENT

Figure 5-3 shows the procedure used to implement predictive maldan@ng models. First,

the temperature data collected atriiih 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 datalected 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. Nexthée 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 climatanpeters and
pavement temperature, a sensitivity analysis was performed, and the most effective parameters
were determined. Each of the machine learning models (listed in 3 @)levas trained and
validated, and the most accurate algonitfor temperature prediction was identified. The
parameters used to evaluate model performance included the coefficient of deterr(iRiption
RMSE, and mean absolute error (MAE). Higi@rvalues, lower RMSE values, and lower

MAE values indicated better adel 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 higRgdowest RMSE, and lowest MAE) were
carried forwad. 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).

Data collection
Data preprocessing

Select time
window for data

v

Integrate climatic parameters
(e.g., air temperature) with
pavement temperature time

series (using timestamps)

v

Load data into machine
l learning toolbox in MATLAB
Compare recordings with other l
sensors at the same depth

Do sensitivity analysis
to determine the most
effective parameters

'

Train models and identify best
predictive algorithms to carry forward
(highest R2, lowest RMSE and MAE.)

Do the
results
match?

Compare the accuracy of
Calculate daily average machine learning models with
pavement temperature results from existing models

Figure5-3: 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 datatiatdly,

and for some time periods temperature data were missing. Bdbleummarizes 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 depthewemoved 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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Table5-1: Data availability for machine learning analysis.

Thermistor Depth (m) | Start Data | End Date Duration

0.50 Jan. 2013| Feb. 2020, Six yearstwo months

0.70 Jan. 2013| Feb. 2020, Fouryearstenmonths

0.80 Jan. 2013| Feb. 2020, Fouryearstenmonths

1.80 Jan. 2013 | Feb. 2020, Five years threemonths
2.70 Jan. 2013 | Dec. D17 | Fouryears threemonths

5.4.2 Machine Learning Algorithms

The regression learner included in MATLAB includes five different machine learning
algorithms and 19 subcategories, as shown in TaddleTo predict pavement temperature,
each of thee algorithms was applied (using the available historic temperature data for training),
and the performance of the various algorithms was compditesl.algorithm types are
discussed in detail elsewhere in the literature (Zeiada et al., 2020); howeverdepwth

analysis of each of these algorithms and their subcategories is beyond the scope of this research.
5.4.3.Sensitivity Analysis

Generally, environmental paramet@rsuch as air temperature, solar radiation, and
precipitatio® are taken inta@onsideration 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 (Asefza@ehl., 2017; Nivedya and Mallick, 2020). The
temperaturef 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 temperaturebasthand subgrade
layers. Previous studies indicate that material thermal properties and the thickness of each layer

influence the pavement temperature profile (Haghal.,, 2016). If the material thermal
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properties and thickness of each layer are usatpas parameters, the models would need to

be trained on data collected from different pavement structures. However, data aré limited
only measurements from the IRRF test road are available and inclusion of the material thermal
properties or layer thickise did not improve the model. Thus, these parameters were not

included in the model in this paper.

Table5-2: Machine learning algorithms used for temperature prediction

Algorithm Subcategory

Linear

Interaction linear

Linear regression models _
Robust linear

Stepwise linear

Complex tree

Regression trees Medium tree

Simple tree
Linear SVM
Quadratic SVM
Cubic SVM

Fine Gaussian

Support vector machines (SVM)

Medium Gaussian

Coarse Gaussian

Rotational Quadratic

Squared exponential
Matern 5/2
ExponentialGPR

Gaussian process regression

Boosted trees

Ensembles of trees

Bagged trees

An important timebased parameter is the day of the year (Heydjng@03), 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 anuah cycle change (Huareg al., 2021). Both
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the base and subgrade temperature are time dependent. THmaseaeparameter day of the
year is easy to obtain and has been used previously to express the relationship between
temperature and time (Heyding@003; Nojumietal., 2021). Therefore, day of the year was

also included in the model training.

A correlation coefficientr) was calculated and compared for each input parameter and the
pavement temperature. This procedwes repeated for temperaturgalaollected from the

TDRs at each depth, and similar results were observed. A representative example is presented
in Figure5-4, where the relationship between each input parameter and pavement temperature
at a depth of 0.5 m is plotte@ihe corresponding correlation coefficientsdre 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 highéneghaorrelation
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.

Table5-3: Correlation coefficientfor climatic and timedependenparameters

Parameter Correlation with pavement temperature ()

Air temperaturg C) 0.93
Solar radiatio{\W/m?) 0.75
Precipitation(mm) 0.16
First partof the year 0.8

(DOY =1-181) '

Day of the year

Secondpartof the year| 0%

(DOY = 182- 365) ‘

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 31goffékation
coefficients for day of the year were found
the year, respectively. The same trend is also evident ureBes (d): for the first half of the

year, the pavement tempenaincreases 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
increags. Although there is a high correlation between pavement temperature and day of the
year, the correlation coefficient for solar radiation is low=(0.75). For precipitation, the
correlation coefficient is only 0.16, indicating very poor correlation.r@ieair 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 predictd@ismo
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.5¥éble
summarizes the performance of each combinatiommiti 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 foatern 5/2 GPR. According to the resutsnmarized in Table

5-4, air temperat@w 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 R? did not change, and the improvement in RMSE and MAE was less thaiTiéb).

R2 value reached an impressive 0.97, and no additional input parameters were included to
enhance the model's performanthlus, 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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Figure5-4: 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, #ghgorithms were trained and validated. For
validation of machine learning models, there are two possible methods in MATLAB, holdout
validation and crossalidation. Holdout validation is generally recommended for large data
sets, but because of the limitddta used in this paper, cresdidation was applied. For the
crossvalidation method, the available testing data were randomly divided into n groups (in this
case five), with (L) 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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Table5-4: Impact of contributing parameters on the model performance

Time-
_ related .
Environmental Parameters | pgrameter Performance Indices
Best Predictive .
Model Air N Coefficie Root Mean
temperat Solar | Precipit | pay of the nt of mean |
ure radiation | ation year determin | square
(W/m?) | (mm) (DOY) ation error eMr/t;\oEr
(C (R) (RMSE) (MAE)
a 0.93 3.45 2.69
a a 0.93 3.31 2.56
Matern 5/2 GPR 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 ha8yalues higher than 0.95. The nebavith the

best performance wasatern 5/2 GPR, withR? 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 abbectdéferent depths, and

the five machine learning algorithms that showed the best performance were identified. The
performance obtained using these algorithms is given in Ba®leeompared with the results

of a conventional literatermodel.
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Table5-5: Performance of different machine learning algorithms for temperature prediction
in GBC and subgrade layers.

Performance measurg
R’ | RMSE | MAE
Linearregression models Linear 088 | 446 | 354
Interaction linear 088 | 4.40 | 3.47
Robust linear 088| 4.47 | 351
Stepwise linear 088 | 4.40 | 3.47

Algorithm Subcategor

Regression trees Complex tree 096 246 | 1.8
Medium tree 096 2.4 | 1.8

Simple tree 095| 279 | 214

Support vector machines (SVN Linear SVM 087 | 4.49 | 350
Quadratic SVM 0% | 275 | 2.15

Cubic SVM 0.97| 226 | 176

Fine Gaussian SVM | 0.97 | 223 | 173
Medium Gaussian SVN 0.97 | 2.16 1.67
Coarse Gaussian SVM 0.9 | 267 | 2.11
Gaussian procesesgression Rotational Quadratic | 0.97 | 215 | 166
Squared exponential| 0.97| 2.15 1.66

Matern 5/2 0.97| 2.14 | 1.65
ExponentialGPR 0.97| 2.15 | 1.66
Ensembles of trees Boosted trees 0.96| 2.39 1.87

Bagged trees 0.97| 217 | 169

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 foertipeerature 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 witpéhi@rmance 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 thpetatre within the pavement

structur® Equation5-1 (Heydinger, 2003) was developed

YO O 01 MNEO %o Equation5-1
wheret =day oftheyeary= 2"/ 365. 25 i s t hA=nmmeanrtemperatuz;e d f r
B = amplitude; and =time shift. The values fdk, B, and- were determined using temperature
measurements (Heydinger, 2008yjuation5-2 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 FEgur&ny gaps in
the daa in Figures-5 correspond to periods when the temperature data from the IRRF test road
were not available (e.g., due to malfunctioning sensors). From Figbyeéhe temperature
difference between maximum and minimuemperature was 54€C, 49C, 41C, 24€C, and

17€ 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 memsd 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
thetemperature measurements from the IRRF test road and the results presing&duation

5-1 for both winter and summer. Although there is less difference between the measured
temperature data and calculated values in summer (at a@éfdtiBsand 2.7 m), the temperatures
calculated usingquations-1 are consistently lower than the measured temperature for winter.

BecauseEquation 5-1 is a sinusoidal function of time (which only accounts for mean
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tempeature and amplitude), the shape of the curve changes periodically, a&d)tiati®ns-3

does not reflect any irregular changes in temperature within the pavement structure. However,
machine learning modeldo 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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Figure5-5: Comparison between measured aneddicted pavement temperatures at depths of
(@ 0.5 m; (b) 0.7m; (c) 0.8 m; (d) 1.8 m; and (e) 2.7 m

The machine learning model predictions were compared with the temperature values calculated
usingEquation5-1, with the results presited in Tabl&-6. From these data, it is evident that
the machine learning models resulted in a higher level of accuracy for temperature prediction.

For the machine learning model, fRevalues are above 0.96, while the RMSE and MAE range
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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 Equation5-1 improves as the depth increases, as indicated by the increseainesand
decrease in RMSE and MAE. The difference in performance between the machine learning
model andEquation5-1 decreased with increasing depth. At a depth of 0.5 m, the vaRre of

for the machine learning results was 5% higher thakdoations-1; however, this difference

decreased to 1% at a depth of 2.7 m.

Table5-6: Comparison of the performance of machine learning and literature model from
Heydinger (2003)

Machine learning models 4 « = || vie « (Heydinger, 2003)
Depth
(m) Best Mean Amplit | Time
predictive R? | RMSE | MAE R? | RMSE | MAE | Tempera| ude Shift
model ture (€) (©) (day)
0.50 Maéeg,gflz 097 | 214 | 165 | 092| 348 | 565 | 9.21 2454 | 110
0.70 Squared | o7 | 5199 | 170 | 0.94| 294 | 453 | 953 22.06 | 110
exponential
0.80 EnggE”“a' 096| 215 | 1.69 | 093| 278 | 323 | 743 18.42 | 115
1.80 EnggE”“a' 097| 138 | 1.01 | 095| 1.78 | 2.18 | 8.48 13.11 | 138
2.70 Maéeggflz 097| 098 | 072 | 096| 1.15 | 148 | 7.97 977 | 157

Table5-7 compares the performancekgfuations-1 and the machine learning model in terms

of the accuracy of temperature prediction in winter. The accura&goation5-1 dropped
significantly in winter, especially at shallower depths (i.e., closer to the road surfac& The
value fa results obtained using the machine learning model was 47% higher than for results
obtained usindgzquation5-1 (at a depth of 0.50 m). In addition, RMSE and MAE for the
machine learning results were consistently lower than the corrasgoRMSE and MAE
obtained fronEquation5-1 for the temperature data in winter. Thus, machine learning can be

used to predict the temperature in base and subgrade layers more accuraksfyatian5-1.

95



Figure5-6 shows the performance of the two methods machine learningouadions-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 samehieme is a large

difference between the temperatures predicted UEgougtion5-1 and measured temperatures,

especially

30€). The results shown in Figue6 demonstrate that the temperatures predicted by machine

for

temperatures

i n the

hi gh

and

learning for different locations within the pavement structure are closer to the actual

temperaturesyhereagquation5-1 results have lower accuracy. Thieipecially the case at

shallow depths: for example, the RMSEEgfuation5-1 is 1.63 times higher than the RMSE

for machine learningnfatern 5/2 GPR) at a depth of 0.50 m.

Table5-7: Compaison of accuracy of temperature prediction in winter for machine learning

model and conventional predictive model (Heydinger, 2003) given in Equafion

Machine Learning J' <« = " Vo< (Egﬁgggﬁeétzrmdagilel\ﬂi;g;\ciﬁz
Depth " (Heydinger, 2003) Learning index)
(m)

R? | RMSE | MAE R? RMSE MAE R? RMSE MAE
050 |081| 199 | 145 | 035 3.69 6.56 0.43 1.85 4.52
0.70 |068| 2.14 | 164 | 039 2.97 5.06 0.57 1.39 3.09
0.80 |0.73| 168 | 117 | 0.34 2.62 4.40 0.47 1.55 3.76
180 |076| 0.67 | 0.51 | 058 0.88 2.78 0.76 1.31 5.45
270 |086| 048 | 033 | 065 0.77 2.21 0.76 1.60 6.70
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Figure5-6: Comparison of temperature predictions using (a) machine learning; and (b)
Equation5-5 temperature data at a depth of 0.50 m

Machine learning models can provide an accurate estimate of temperature rddicth

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 ofcsitelitions 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 ondhaccumulation 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 atierglweaker 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 stepgwevent 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 IRRfFroesl was
backcalculated based on falling weight deflectometer data, and the ratio of trealmatated
resilient modulus for each season to the resilient modulus of the test road in fall was calculated.
When the temperature increased during the sptivegmaximum 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 reBent 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
reslient modulus in summer to resilient modulus in fall was 0.93. In winter, the subgrade soll
is frozen; the ratio of the resilient modulus in winter to the resilient modulus in fall is 2.02

(Haghietal., 2016).

The machine learning modegdsesented 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 othedraads expansive database
including many road structures (with the inclusion of thermal material properties and thickness
of layers as inputé) in different conditions is necessary. Moreover,ghgironmental inputs

that give the most accurate temperature predictions for a machinmdearodel 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 onhapplicable 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 developmemtf machine learning moddéseven if limited in terms of their
generality is meaningful. First, because the temperature variation in the base and subgrade
layers is influencethy many factors, including internal and external factors, the prediction of
the \ariation 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 amigsayati (e.g., 1@m
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 modelitiv 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 thedevelopment 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 leaymhodels 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 Edmontalnerta, 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 &tatidnding air
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temperature, solar radiation, andegpitatiord were 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
paramete@ air temperaturand day of the yedrcould 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
valuesfrom an existing literature model for temperature prediction within pavement. Although
the performance of both models increased with increasing d#mhmachine learning
algorithm outperformed the literature model for all depths. The loResbr the machine
learning algorithms was 0.96 (at a depth of 0.80 m), which was 3% higher tHahftinehe

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 fronol0652.

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, 280f8yed, 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 mgdliterature model decreased significantly,
especially at locations closer to the road surface Ramtgclined to 0.35 at a depth of 0.50 m.
However R? for the machine learning model was 47% higher than for the existing model at the
same depth. In altases, thd?? 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 thresearch, 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 pperties (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
tempeature) and one timeelated 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 ataegitng 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 learnmgdels provided reasonable
temperature predictions, even with irregular temperature fluctuations. Providédsthatal
temperature data are available, it is possible to apply machine learning models to accurately
predict future pavement temperaturemaground (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 infineistere variation and resilient
modulus of he base and subgraldgers. In future work, the impact of moisture variation on
resilientmodulus could be investigated using machine learning modelsitioaporate falling

weight deflectometer data
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CHAPTER 6.MULTI -DEPTH TEMPERATURE PREDICTION

This sectiorhas beesubmittedo Journal of Applied Remote Sensiog May 2023 akluang,
Y., Molavi Nojumi, M., Ansari, S., Hashemian, L. and Bayat, Multi-Depth Temperature

Prediction using Machine Learning for Pavement Sections

6.1. ABSTRACT

The temperature of hanix 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 taimemonstrate

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, uger@ 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 paradedeesage daily air
temperature, day of the year, and dépthsulted in btter 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 validatéeinperformance, 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 rssdemonstrate 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 predictiomachine learningHMA layer temperaturegbase layer

temperaturgsubgrade layer temperature

6.2. INTRODUCTION

The performance of flexible pavements is greatly affected by the material propertiebatf the

mix asphalt(HMA), base and subgrade layers, and ts&iength is decided by temperature
(AASHTO, 2008) HMA mixture is a material with viscoelastic behavior, and its strength and
load capacity are dependent on tempergtaiseifi et al., 2006)Temperature variation in the

HMA layer can lead to differd 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 lei@mperature cracking of the HMA lay@El-Maaty, 2017;

Y. Huang et al., 2021)The emperatures 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 freezbaw cycles(Smith, 2006) Freeze&thaw cycles mean that

water inside théase 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 lericesipperlayer

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 condition@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 complerairyce
factors influence asphalt and soil tempera(@ASHTO, 2008; Adwan et al., 2021; Chen et

al., 2019; Molavi Nojumi et al., 2022Previous studies have indicated that environmental
factors such as air temperature, solar radiation, wind speed, latider@umidity affect the
temperature of a pavement structure, and the impact of these parameters on temperature
distributionmay vary depending on the climate typ&dwan et al., 2021; Chen et al., 2019;
Molavi Nojumi et al., 2022)Other parametersleged to the road materials, such as thermal
conductivity, specific heat capacity, and density, also affect asphalt and soil temperature
(Adwan et al., 2021and should to be considered in analytical and numerical mdeets
analytical and numerical mets, boundary conditions are also neces¢a@hen et al., 2019;
Hermansson, 20000Ithough 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 paraméthnen et al., 2019)

Conventional approach@dncluding analytical methods(Barber, 1957; Qin, 2016;
Solaimanian an&ennedy, 1993)numerical methodddermansson, 2004; Mrawira and Luca,
2002) and empirical method@sefzadeh et al., 2017; Heydinger, 2603003 Li et al.,

2018) have been used to predict the temperature in HMA, base, and subgrade layé&rs, In 19
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 alsorgeBasa
(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-darjth incident slar irradiation, and the

reciprocal thermal inertia. Mrawira and Lu@D02)calculated pavement temperature using a
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numerical method based on the estimated thermal conductivity and measured thermal
diffusivity. Hermanssor(2004) used solar radiatioripng-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 radiatjchowever, this model is restricted to cases when the asphalt
layer thickness exceeds 30 cm. The Strategic Highway Research Program (SHRP) and
Canadian (GBHARP also resulted in two statistical models to predict the minimum
temperature of HMA layergMohseni, 1998) Heydinger (2003a, 2003b)developed an
eqguation 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 sinusdial 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 (@04l7)wereestablished

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, theyhaaetimitations. 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 surfagetbe HMA layer, with the exception of the
empirical model developed by Heyding2003b) Other models, such as the default sinusoidal
temperature model developed by Lei et(2011) can be used to predict soil temperature at
various depths (e.g2,5cm, 4.5cm, 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 modedsthat ¢
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used to predict the temperature of the various pavement layers within the pavement&tructure
e.g, the HMA, base, and subgrade laye@so emphasizes the importance of extending the

methods available for determining temperature throughout the pavstnesture.

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 teenperature within pavement structures.
Gungor and AlQadi(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 logg. 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 temperatuspecific roads
without the thermal properties of materials. The ML mod&angor and AlQadi, 2018;
Molavi Nojumi et al., 2022; Qiu et al., 2028ummarized above show high accuracy in
predicting the pavement structure's temperature, and paramadtged to the road materidls

i.e., thermal conductivity, specific heat capacity, and b ame not necessary. This indicates
that ML models have potential for improving the temperature prediction at various depths
within pavement structures. Altholugemperature of the soil layer also influence the
pavement 6s (Haghret a.r20618;rSmith, 2008)revious work(Gungor and Al

Qadi, 2018; Molavi Nojumi et al., 2022; Qiu et al., 20&used on the temperature of the
HMA layer and surface tengpature. Thus, it is necessary to extend the application of ML

models to different sulayers.
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The primary purpose of this paper is to apply Mgorithms 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 learningX@olt 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 regre€SiR), 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 modéHeydinger, 2003band

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-3a¢h(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 wellgraded granular base course (GBC) 0mithick. 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 weigmotion system, an average of 368 garbage trucks
drive on the test road every dayoh details about the test road and its construction can be

found in previous workHaghi 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 HM\, GBC, and subgrade layer to collect asphalt and soil temperature at

various depths. Fige 6-1 shows the crossection 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,@.AD,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 thermistenyes 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 Wesa station (Oliver ADGM), which is located 6 km from the

test road location.

m

AU 27 HMA Layer (0.09 m)
0.09
| 025 1%t HMA Layer (0.16 m)

GBC Layer (0.45m) A
L 0.70

Subgrade Soil

— 1.80 A
—2.80 A
J' A TDR @ Thermistor
Figure6-1:Cr ossesct i on of the test road indicating

6.4. MODEL DEVELOPMENT

Environmental faors such as air temperature, solar radiation, relative humidity, and wind
speed significantly influence asphalt and soil tempergade/an et al., 2021)The influence

of environmental parameters may vary depending on location, depth, and pavencéurestru
(Adwan et al., 2021; Chen et al., 2019; Molavi Nojumi et al., 20B2nce, 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 soiiperature vary with seasonal changes
(Huang et al., 2021A 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, amdth DOY = 1 corresponding to January 1. Molavi Nojumi et

al. (2022)developed MLmodels that outperformed traditional methods and showed higher R
value and lower RMSE values in predicting temperature within the HMA layer, but were
restricted to a spéic depth. Thetemperature 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 moddisdrave

trained using asphalt and soil temperature measurements recorded at multiple depths.

Figure 6-2 outlines the procedure used to develop Khodels. First, asphalt and soil
temperature measurements were preprocessed, with irrelexchnbesy data removed from

the datasetSometimes, the collected numbers are 7999 or NAN, which is considered noisy
and removed from the datasd®ext, 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 ensuredhall 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 parandefers environmental
parameterspne timerelated parameter, and deftlvere integrated with the dataset using
timestamps. Three data sets wareparedone each for the average, minimum, and maximum
daily temperature prediction, respectively. Each set of data irtlagehalt and soil

temperature measurements at depths of h@& 2.7m 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 coeffid®@ntds used to examine
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the influence of eachparameter on the prediction of asphalt and soil temperature. The
coefficient of determinationR¢) and root mean square error (RMSE) were used to evaluate

model performance. Five different algorithdnBnear regression models, regressioees,

SVM, GPR, and ensembles of tréesere applied. More details on the benefits of the different

ML algorithms can be found in the literatgreBa Kkt anl ar and -L¥nz2Dyly al , 2
Only the ML model using the algorithm that gave with the hég 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 worgddult in increased accuracy. The processes
mentioned aboveererepeated three times, resulting in three Madel® one each to predict

the average daily temperature, minimum daily temperature, and maximum daily temperature,

respectively.
\
Data collection .
cotecho Load data into machine
learning toolbox in MATLAB
Data preprocessing i
Perform sensitivity analysis
- to determine the most .
Select time predominant parameters
window for data ¢
lv - Train models and identify the best
Compare recordings with other predictive algorithms to carry forward
sensors at the same depth (highest R? and lowest RMSE)
x }
Calculate the accuracy of each depth
Do the
results
match?
Is the
model NO
accuracy
Calculate daily average, minimum, high?
and maximum temperature
I . i Yes
ntegrate data of different depths and other
parameters (air temperature, solar radiation, Compare the accuracy of
relative humidity, wind speed, DOY, and predicted results with results
depth) together (using timestamps) from existing models

Figure6-2: Model building flow chart
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6.4.1.Data Availability

Table6-1 shows the available datasets for the development ofriddels. Due to technical
issues, sensors at depths of 0.02 m, 0.09 m, andvOrBalfunctioned in 2016, and sensors at

a depth of 2.70 m stopped working in 2017. As discussed previously, data wpreqassed

to remove noise and irrelevant data, so that only valid data were used in model development.

The number of temperature maesments available was highest for a depth of 0.17 m.

Table6-1: Data availability for development of Minodels.

Depth (my | StartDate | Endpate | portil S Brocessed
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 ofr.7Dhese calculations were repeated for
eadt depth, with similar results. Rige6-3 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 tiv@pérature 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 radiatas 0.72, indicating that solar radiation also
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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 seasohdifferenceqAsefzadeh et al., 2017b; Molavi Nojumi et al., 2022)erefore,

to analyze the influence of wind speed, the yeas divided into a cold season (October to
March) and a warm season (April to Septembrg correlation of subgrade tempera with

relative humidity is weak, as is the correlation between subgrade temperature and wind speed.
As shown in Figre 6-3 (e), for the first part of the year, the subgrade temperature increased
with as DOY increased. For the secomdtf 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@DOY 0181 and 18DDOY 0365). The
correlation coefficient fobOY 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.

Table6-2: Correlation coefficients of air temperature, solar radiation, relative humidity, wind
speed, and day of the year with subgrade temperature

Correlation with

Parameter subgrade temperature R)
Air temperature C) 0.91
Solar radiation (W/rf) 0.72
Relative humidity (%) 0.19
) Warm season 0.24
Wind speed (km/h)
Cold season 0.09

First part of the year

(DOY =110181) 0.94
Day of the year Second part of the

year (DOY = 182 to -0.96

365)
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Figure6-3: Relationship between average daily subgrade temperature (C) and (a) average
daily air temperature (), (b) average daily solar radiation (#/rfc) average daily relative
humidity (%), (d) aveage daily wind speed (km/hr), and (e) day of the year

Table6-3 shows the results of training machine learning models for average daily temperature
using different combinations of input parameters. Similar results were obtained fotipnedic

of daily minimum temperature and daily maximum temperature. To predict pavement
temperature at multiple depths, depth was indispensable as an input parbinedétr model

with depth and DOY as input parameters resulted in accuRdcy .93 and RMSE 2.86).
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