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Abstract

Governments often monitor pavement conditions and perform the required maintenance and rehabilitation
usingPavement Management Syse(®MS).A PMS is an intricate system for evaluating pavement
performance and maintaining road netwowks integral parbf the PMS ighe pavement performance
prediction moded One of the most commonly used pavement performance indicators is the International
Roughness IndexRlI). CurrentlyusedIRl modelsareoftendeveloped usingegression analysi€limate

change is expected to affect the evolutiotRifover the life cycle of the pavemeflimate parameters

are part of somefthelRimodel s found in the I|literature; howevel
were insignifi@ant. Machine Learning (ML) has recently gained traction in the development of regression
models. Recent studies have started using MILRbmodel development; however, the scope of the

studies is limited and is often restricted to algorithms such aalmetworks. Additionally, a systematic
comparison between different ML algorithms in modelliRgcannot be found in the literatude. this

study, data provided by Alberta Transportation (AT) and the Federal Highway Administration (FHWA)

are used to delop IRl models using regression analysis and ML methods. This research also examines
several ML algorithms, including emerging algorithms that have yet to be employ&d foodel

development. A systematic comparison between models developed using different methodologies is also
part of this research. The issues of overfitting and model complexity are also addressed within the context
of regression analysis and ML. Life Cy@malysis (LCA) and a Life Cycle Cost Analysis (LCCA) are
conducted to examine and highlight the relative financial advantage of utilizirgpsitdic models

(developed in this research) over the widely udeghanistiecEmpirical Pavement Design Guide

(MEPDG)IRI models. The later part of this research examines the implications of climate change on
pavement roughness for pavements with different subgrade soil types. This is accomplished by
developingRI models for the pavemedstcenter lane, which is egpted to be affected predominately by
climate due to limited exposure to traffithe use of ML methods showed great potentialRbmodel

development. The bepte r f or mi ng al gor it hms for t hilwostekesear chod



ensemble ML lgorithms, specifically, the XGBoost and CatBoost algorithm. This research also supports
the use of ML in developintiRl models as they have superior predicting capabilities and can provide
much more value than traditional regression methods, such assiegranalysis. In some instances, ML
was found to produce meaningful results when regression analysis failed toTtle sesults of the
conducted LCA and LCCA found a relative financial advantage and more accurate environmental impact
estimates from stspecific models developed in this research over the MEFD@&odels.This

research also examined the implications of climate change on pavement roughness for pavements with
different subgrade soil types. The analysis of the LTPP data found that dincbseibgrade soil type
parameters are better at describing variations in the centdRbthan the whegpathlRI due to the

absence of traffic. Furthermore, soils with higher plasticity are found to be more susceptible to freeze
thaw damage than soilgth lower soil plasticity. Additionally, finegrained subgrade soils were found

to have a greater change in pavement roughness due to climate thargriasssubgrade pavements.

Keywords:International Roughness Index (IRRegression Analysidirtificial Intelligence Machine
Learning Supervised Learning; AlberferansportationLong-Term Pavement Performance (LTPP);

Climate Change; Pavement Roughnééschanistieempirical Pavement Design Guide (MEPDG)
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Chapter 1 : Introduction

Governments and transport agencies sgesignificant portion of their annual expenses on road
networks.The expenditure includes both new road projects as well as road rehabilitation to improve road
guality and extend their longevifAASHTO 2009, ARA Inc. 2020)Generally, transportation agencies
maintaindetailedrecords of thie network's road conditions and activien aPavement Management
System (PMS) database. The systensigts of varied aspects of pavement design, planning, construction,
and maintenance for the road network. The structure of the PMS is heavily dependent on the adopting
agency; generally, the PMS provides a set of tools to asgiavementelateddecisim-makingand relies
heavily on pavement performance prediction models. Predjgéivement performance model® crucial

for forecasting pavement deterioration over a desired period of time.

One of the most commonly used pavement performaregtictive models includes the International
Roughness IndexRI). ThelRl is a key indicator of pavement roughness and is usassesshe health
andserviceabilityof roads. ThelRI can beexpressed asmathematical equation that represents pavement

roughness conditions ovadesired road lengthndcan be written out as follows:

OYo. T 4sQo (1.1)

The equation focuses on the simulated motion between the sprung-apding masses in a quartar
model normalized by Length in metres, witht representing time in secondg being the speed of the
quartercar inmetres per secondj is the verticabpeed of the sprung massniretres per second, arld is

the vertical speed of the +aprung mass imetres per secon(BSayers 1995aY he index itseltan quantify
thep a v e mdeterio@tson over a selected period of time due to age, climate, distegssamfficloads
These variables are utilized to develop fRemodels by empirically assigning different weights to each
variable The IRI assistswith various stages of pavement planning, whether ih igssessing the road

networlkds performance or estimating and poidg the future condition of a pavement section. In the past,



various attempts have been madeléwelopan IRl with high accuracyr e gar dl ess of t he r ¢
region However as each region exhibits a distinctive blend of traffiecnate,and distress patterns, locally
developed models tend to be moepresentativef the pavement condition¥he IRI models developed

using data from transport agencmeduce higher accuraégr theagenc e s 6 r o a dhedawmtusedb r Kk as
to develop the models afeom the same road netwarslobatscale pavement performance models, such

as the MechanistiEmpirical Pavement Design Guide (MEPD®) model,arecreated with data retrieved

from theLong-Term Pavement Performance (LTPP) datsbhdahe MEPDGIRI modelutilized data from

the LTPP databasevhich containsmeasurementfrom various locations across North Americhe

MEPDG IRI model is developed using regression analgeid notmaking use obmerging technologies
andtechniquessuch asMachine Learning (ML)modelling. The reliance of the MEPD@RI modelon

regression analysis limithe modein terms of accuracy and predictive capabilitiBise performancef

the MEPDGIRI models varies across North America; tHosal models and calibrations agyeeferredfor
betterpredictionof pavementRI. An IRl model withhigheraccuracy would assist with better Maintenance

and Rehabilitation (M&R) decisions, resulting imore realisticexpenditureestimatesby the transport

agencies andecuringfunding when most needed Additionally, the IRl modek can helpidentify road

sections that need urgent maintenance and sfpain aroad user safetyerspective

1.1 Thesis Objectives

The objective of this study is to develop more accuRkenodels using regression analysis and
ML methodsThe utilization of ML methods is due to the recognition oflthnitations of modellingiRI
using regression analysisAdditionally, the effectiveness of using regression analysis and ML in
modellingIRl is examinedand analyzedThis study also examinddL performance over regression
analysis, ané@ny additionalnsight ML provides into the relationslsipetween the independent variables
and the target variable. The objectives are achieved through the use of two datasets of collected field data.

The framevork of this research is presented below in Figure 1.1.



Alberta PMS

Inclusion of Sail Dataset

Properties

Data Preparation

Inclusion of Climate
Data

Data Preprocessing

, . V artable Selection
YV ariable Selection siiadibos

Machine Learning Regression Analysis
Algorithms Modelling
Selection

Regression Analysis
Ilodelling

Identifyring the Best
Machine Learning ML Algorithms
Modelling from Previous
Modelling

Sensitivity Analysis

Reduced Models Sensitivity Analysis Machine Learning
Modelling

Sensitivity Analysis Reduced Models - ]
Sensitivity Analysis

Comparison with Sensitivity Analvss
MEPDG IRI Model et Rt Climate Change

C ase Study

LCCA andLCA

Figurel.l - Research Framework



Thedatasets sed t o achi eve weleexvactedifrandayrépsesemdiive MS database

for the province of Alberta and the LTPP database contaiRihdata from various locations across the
contiguous United States. Al bertabdés PMS datb aset i
assess the performance gain in using ML over regression analysis in md&llikgomprehensive

literature review has also been conducted to review research efforts in devéRipittices. There has

been little attention given to emerging ML algloms in modellingRI. A systematic comparison is

conducted to test the emerging ML algorithms and their performance compared to regression analysis and
other widely used ML algorithms. Sensitivity analysis studies are also conducted for the developed ML

and regression analydRI models to examine if the ML models provide a comprehensive view of the
variablesdéd effect on pave mdRimodalsane gldonsedstscondictae r egr
case study using a Life Cycle Analysis (LCA) and & IGfycle Cost Analysis (LCCA) to examine the
environmental and economic impacts, respectively. The case study also incorporates the
MEPDGIRImodel to be compared to the models developed
The dataset extracted fraime LTPP is used to develtiRl models for the wheel paths and center lane to

evaluate the changesliRl over time due to environmental and subgrade parameters using both

regression analysis and ML. The dataset is also used to confirm the improvenredidtive capabilities

in modellingIRI using ML over regression analysis. Additionally, ttésearcltonducts a case study into

the effects of climate change by first understanding the effect of climate on pavement roughness in the
absence of traffic anithen assessing the impact of the regional climate change in the contiguous United

States on pavement roughness over time for different subgrade soil type pavements.

1.2 Thesis Outline

Chapter 1 presents a gener al niedbythedlesisottinon of t
and objectivesChapter 1 lists the outlines of the followifige chapters in chronological ord€hapter 2
begins with a backgrourmh PMS and pavement distresdetiowed by a background on thRl; the

background includes its history, significapaad existingRl modelsreportedn the literature.



Furthermore, different types of regression analysis, model selection methddaodel evaluatiorsse
alsodiscussed in depth. Additionally, this chapatsodiscussegrtificial Intelligence(Al), ML, andthe
various algorithmshat areused in this studyChapter 3oresentshe methodologyand developmeruf
regression analysis model'he chapter also includes descriptions of the measRiathta.Additionally,

the provided dataset by AT did not include climate or soil properties data; thus, in this chapter, the climate
data and soil properties are compiled added tahe dataset. Gipter 3 also includes the identification

and removal of data outliers, model selection methods, model traisiimg regression analysasnd the
validation for thdRI regression modelg&fter developing adRI model through regression, it is then
compared witithecommonly used MEPD@I model as a benchmarkn LCA and an LCCA arethen
conducted to compatbe regression developed and the MEPBGModelsto exanine the impacts

caused by differences predictive capabilitiesChapter 4 presendL modelling methodologieand

their effectiveness in modellirll. Various algorithm$amiliesare examined in this chapter, including
decision trees, ensemble methods, neural netwoeksest neighbosgrand support vector machines.
Emerging ML algorithms under supervised learning such as XGBoost, CatBoost, Light@8M,
RandomForest aralso discussed anged in thishapterin addition todecision treesRidge, lasso,

Artificial Neural Networks Elasic-Net, support vector machines, andn€aresneighbor.The models
developed through these methods are then assessedmaparedo thelRI models developed through
regression analysend the MEPDGRI model Chapter fexamines theffectiveness of the best

performing ML algorithms identified in Chapter 4 in modelliRR} where regression analydails to

provide meaningfutorrelations This chapter is an attempt to use ML algorithms to identify and correlate
variables that contrilfe tolRI in instances where traditional regression analyses are ineffébtiee.

chapter uses data from the FHWA under the LTBkodellRI due to climatehangdor different

subgrade types of pavements in the contiguous United States. This chapter also presents the correlation
between climate for different soil types with the changéRIfoth at the center of the lane and along the
wheel path. Climateandsyr ade s oi | p a riIkl im&so exansingd thronghasengitivity n
analyes. Additionally, a climate change case study is conducted for two states in the United States to
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identify the impact of climate change on pavement rough@egpter resend the summary and

conclusion of thisesearchThe chapter also outlinescommendations for future research.



Chapter 2 : Background Information

2.1 Introduction

This research reviewed several pufifionson pavement management, pavement performance
indicators, regression analyssdAtrtificial Intelligence (Al). The literature review first examines
pavement management and pavement management syisteloding their development and utilization.
ThePavement Management System (PM&abase ialsodescribedn this chapterincluding pavement
distresgdefinitions The development history and significance of flRg along with previously developed
models, are all described in detail in this chapter. Additionally, regression analgisiedéscusse@nd
includesadiscussion oftinear regression models and model selection metidgtiswards an extensive
literature review on Al and Machine Learning (ML)yisesentedVariouscategories of ML algorithms,
such as unsupervised, supervisat reinforcement learnirgge discussedrollowing this, supervised
learning algorithms are described atisicussed, including the fundamentals associated with each
algorithm. Model evaluation and validation methods are then described, along with common statistics
used toestimatehe models predictive apabilities and accuracy. The primary aim of this &tere

review is to provide an overview of the existing research and highlight the importancere$éaisch

2.2Pavement Distresses

Pavement distresses &ey contributors tgpavement roughnesBavementlistress conditions
aid with ratingpavemerg through pavemererformance indicatorsuch as thé&Rl. Pavements can be
maintained to ensure safe and serviceable roads byapagment rating systerDifferent agencies
definethe impact of differendlistres typeson road networks and their significance towards the rating
system Themeasurements of distressgsdonethrough manual or automated collection systehms.
example of an automated collection systemméhigh-speednertial profiler that is ofterutilized to
collect data such @ahepavemerd tut depth(Huang 2003)The profiler collects avariety of

measurementhrough the use afensorsuch as gyroscopes, ultrasonics, lasers, GPS, HD caanédra



accelerometeralong road path@Huang 2003, City of Edmonton 2028n example of highspeed

inertial profiler is shown inFigure 21.

Figure2.1 - Automatic Road Analyzer (ARAN)City of Edmonton 2021)
A systemized approach agloptedo recordandmeasure distresses. The roads dividednto segments
to track the pavement segm@rgerformance and maintenance castertime. Theroad representative
segments are set as permanent segment boundaries, givbe tbat segments are not alterétie
transport asgignthe segnediepeeseptatisggauginglength and the distregs

measuremeniare taken over th defined road segmeras $iownin Figure2.2 (Huang 2003, Haas et al.

2015)
WMth Ahead Chainage «——
|
r ) [ — i — K : [ 1 I —— Segment!)——
Coamen® Ll \ |
l \ J
100m Gauging Length— 50m Gauging Length\
‘,'l‘!ated in the Gauging Length \ ! ’Rated over the Entire Segmen; Rated in the Shoulders
- Rutting . - Wheelpath Cracking - Surface Condition
- Transverse Cracking* - Localized Surface Defects ‘
| - Cracking - ) { - Shoulders
- Surface Conditon ~/ ‘.- Additional Area

Figure2.2 - Road segments over Gauging Len@tiodified fromAlberta Transportation 2003)
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The pavement distresses collected includeabemot limitedto rutting, transverse cracking, longitudinal
cracking, and other crackinButting isthelongitudinal depression alorthe pavemerg @heel path

caused by repitive traffic loads A possiblecause of rutting is the densificationtb& subgrade and
pavement layers under the traffic loaRsitting depressions can be present in either a single or a double
form along the wheel paftiduang 2003, Haas et al. 201B)representativerosssection affected with

rutting is presented iRigure 2.3.

¢ Edge Stripe Shoulder
Rut Depth ’ ‘

. s

? t Rut Depth

|
|
x
|
i
| Wheel Path ——»
|
|

7 % Ay N O

Figure2.3 - Rutting representative cresection (nodified fromMiller and Bellinger 2014)

The measuremesidf rut deptharetakenat multiple sections along the gauging lenggight rutting
measurements are taken within the gauging leingbloth the inner and outer wheel paths seen in
Figure2.4 (Huang 2003, Haas et al. 201%he categorization ofutting depth severity variesross

agenciegMiller and Bellinger 2014)Rutting depth of high severity varies in definition between



agencies. Generally, the high severity threshold for rutting depth varies between 1atidriSres;
any rutting depths greater than the given threshold are considered high géleeitia Transportation

2003, Miller and Bellinger 2014)

50m Gauging Length

Wheel Path I Test Locations [
e ! —<: |

— !
L L
50m 40m 30m 20m 10m Om
100m Gauging Length
< >

Test Locations

1111ttt 1

100m SOm 80m 70m 60m 50m 40m 30m 20m 10m Om

Figure2.4 - Rutting measurement locatiofraodified fromAlberta Transportatio@003)
Transvese cracking is a newheel loadrelated cracking thas caused by low temperature or thermal
cycling (ARA Inc. 2020) Transverse cracks are approximately perpendicular to the paveemetiine
and tend to be regul ar [(Mileram Bairger 2044) Anmexg@mplelofe r oad 6 s
transverse cracking is shown in Figurb. Z.he representative roadway section presents several transverse
cracking in the road segment. As observed in the figure, the transverse cracking is approximately

perpendiculartothe o ad 6s wi dt h.
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Figure2.5 - Transverse Cracking field examgdational Cooperative Highway Research Program 1997)
The measurement of transverse kiag is carried ouusingdifferent techniques. Generallyahsverse
cracks are counted along the widthaabad sectiorfMiller and Bellinger 2014)A representative cross
section affected with transverse crackialpng with some transverse cracking measuremisnts

presented ifrigure 2.6.

G
I - f
3 mm lsz_____ 20 mm}|
Wheel Path
4 mm 4 mm
o ’ : -
_ 700085, % D 7

Edge stripe 6L - Distress type 6. low severity

6M - Distress type 6, medium severity
6H - Distress type 6, High severity

Figure2.6 - Transverse cracking crosgction(modified fromMiller and Bellinger 2014)
Longitudinal cracking is another type of cracking that is distinguigh®¥1S database A longitudinal
crack is a crack that extends parallel to the paveineenterline along the r a fwhdelgdtlrsdirection
(City of Edmonton 2021)An example of longitudinal cracking in a roadway segment is presented in
Figure 27.
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Figure2.7 - Longitudinal cracking exampl@ational Cooperative Highway Research Program 1997)
Longitudinal cracking i®ften broken dowinto wheel path and newheelpath longitudinal cracking
(Miller and Bellinger 2014, Haas et al. 201B)representative crossection affectethy both wheel path

and nonwheel patHongitudinalcracking is presented Figure2.8.

Inner (—————————————————~
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W///ﬁ’////ﬁ////ﬁﬁﬁ@%ﬁﬁ@&é?W/ﬁ//M

Edge Stripe 4a - Wheel Path
4b - Non- Wheel Path

Figure2.8 - Longitudinal cracking crossection(modified fromMiller and Bellinger 2014)
Other forms of crackingan bedescribech s i Ot her Cr ac k imogt pakemenacoackmmgh d i nc |
typesexcept the fmrementioned distressekhis additionalcracking includes centerline cracking, block or
alligator cracking, braided or tree branch crackstgulder line crackingandshorttransverseracking
that does not extend across the l&@enteline cracking is simplycracking that occurs along the
centerline Moreover, tock or alligatorcrackingis cracking thais in the form of gattern that divides

the pavement into rectangular blocBsaided or tree branch cracking is cracking that occurs in a
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branching pattern similar to a tree bran8milar to centerline cracking, shoulder line cracking occurs
along the shoulder lin€inally, short transverse cracking ésackingperpendiculato the wheel path that
does not extend across the width of the Igkiberta Transportation 2003, Huang 2003, Miller and
Bellinger 2014, Haas et al. 2018 example of a pavement with itiple cracking distresses is

presented ifrigure2.9.

Centerline Cracking. BN —
enterline cking L3N —
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A

The area of well — iz \W' 53 A a total length
interconnected R e

I . A
blocking 1s le— L —» L
categorized as |
Extreme (Alligator)

3 AT AN e K
and recorded as an & ~ > ] le
area length x width A

Single Cracks are given a

Shoulder Cracking count : P A
nomial width of 0.3m

all cracks along the
shoulder line

Figure2.9 - Pavement crossection with mixed crackingmodified fromAlberta Transportation 2003)

2.3 Pavement Management System

Pavements are a critical component of transportation infrastructure systems. The deterioration of
pavement occurs as a result of different environmental factors and distresses. Transport agencies are
responsibldor providinga network of safe and servid#a pavements for road users. Transport agencies
face continuous challenges in maintaining and managing pavements within their pavement network
system. With deteriorating road infrastructure and limited resources, agencies turn to -thealsian

tools tomake the best use of the available resources. The management of pavements includes all activities
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related to planning, design, construction, budgeting, monitoring, maintenance, and rehalgitadicn
2003) The development and maintenance ofRMSand itscomponentsvereoften challenging for
transportation agencies; thus, through various stualEandardized®MS was developegFinn 1998,

ARA Inc. 2001a)

The PMS provides a documented methodological process for coordinating and documenting pavement
activities(Peterson 1987 he PMSs a multivariate tool thgirovides a systematic approach to making
pavementelated decisions more wsistent, coseffective, and transpare(iiuang 2003)The PMS also

provides the required information to support fund requests and jidifytenance anehabilitation

(M&R) programgHuang 2003)The PMS does not provide a final decision but rather enables the
decisionmakers to understand the alternatives and their impact. The American Association of State
Highwayand Transportation Officials (AASHTO) defines
assist decisiomakers in finding optimum strategies for providing, evaluating, and maintaining
pavements in a serviceab|(AASHTIO 2082) The utilizatiom ofehe PMS per i o

varies from one agency to another but generally aids with the following act{it&HTO 2012)

9 Assessing the current pavement conditions;

1 Predicting the pavement conditions:

i Estimating thednds needed to achieve the targeted pavement conditions;

1 Identify the pavemer&R needs;

1 Optimize the use of allocated funds for pavement activities;

1 Highlight the consequences of alternative pavement management strategies; and

1 Evaluate the impactonpayvment s resulting from changes in pa

design, construction strateg&R activities and other related pavement activities.

Through their publication®dASHTO provides exampeof guidelines for the PMGAASHTO 1990)

The PMS varies from one agency to another depending on the utilizing agency; however, the PMS often
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follows a list of standard component$e standard components of a PMS can be desaibéalows

(AASHTO 1990)

T An inventory of al/l of the pavements within th
pavement type, location, functional classification, length, and distress level;

1 A detailed database of pavement conditions, observed traffic patterns, construction practices,
maintenance and rehabilitation, and any other relevant information:

I Thepavemem et wor k A h e ddsddlosystematidthrastodich as pavement
threshold identifiers;

T The forecasted pavement Afheal tho condition thr

1 The required budget needed &R activities to achieve acceptahioad conditions;

9 Forecasted budget over a muyléar period,;

1 Pavement plans including design, construction, and maintenance for a single geamutteriod;

9 Strategies for prioritizing expenditure when fundiagsless than the required budget;

1 A methodology for communication between different groups within the agencies, such as design,
planning, construction, and maintenance groups;

1 Communication strategy with groups outside an agency, such as, local governments, legislature,
media, and public interegroups; and

9 Strategies for comparing alternative preservation decisiorid&®t activities and reconstruction

of pavements in the network.

ThePMS can be applied in various areas of planning, designing, budgeting, scheduling, and performance
evaluation d pavementsThe PMS can be used to prioritize funding and outline strategies to meet safety
and comfort standards for road conditions. Unique requirements are set within the PMS by the utilizing
agency, and they can be updated regularly to enhanceittierefy of the PMS and, in turn, further

enhance the efficiency of the utilizing agency. These updates are the result of a variety of outputs,
including but not limited to database development (including a larger collected dataset), research, and
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technologcal advancemenf®@ASHTO 1990) Technological advancements include increased computer
hardware performance and capabilities, advances in software, the implementation of geographic
information systems, and the development of more accurate pavement prediction (A8&HT O

1990) In general, the PMS includes several main components, including analy$tedhdck A

schematic representation of the PMS modules is presented in Figir&tdsfigure outlines the link

between the database and the feedback process in the PMS. The PMS database is used for analysis and
can be broken dowinto pavement conditibanalysis, priority assessment models, and network

optimization models. The analyses aid in identifying key areas on which the PMS database can be

improved and are done through the feedback process.

Database

Pavement Condition Priority Assessment Network Optimization
Analysis Models Models

* Condition Summary
* Condifion Summary * Performance
* Performance Predictions Predictions

* Project Life-Cycle Costs + Optimal Network
* Strategy . Reqummendcd Candidate Policies
Idﬁnti;[:ication Projects * Recommended
» Funding Needs * Network Prionity Reports Candidate Projects
o MR & E Programs * Funding Needs . Fuﬂfimg Needs
* MR & R Programs « Optimal MR & R
Programs

Figure2.10- Schematic Representation of PMS Modulasdified fromAASHTO 1990)
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2 4 International Roughness Index(IRI)

Pavementaughness is a critical factor in determining tiealthcondition ofaroad networlkand
is consideredhe primaryindicatorof pavement serviceabilittHaas et al. 2015Pavement roughness is
characterized by distortions in the pavement surface that leadsitglesirablend uncomfortable ride
for road userg¢Haas et al. 2015Y he distortions contribute to a vertical acceleration of the riders, which
is perceived as uncomfortable by the ugklaas et al. 2015 hus, itis critical for transport agencies to
monitor theroad networkoughnesso maintaint he r oad s 6 steperfoimtheradquited i t y and
maintenance for acceptable road conditidiere are three components needed to evahaatement
roughnessaccurate profile measurements, a mathematical model, and roughness statistic interpretation
(Huang 2003)Pavement roughness inds, such as th&l, aid in establishing standards and thresholds
across the transportation age@ecsoad networkThelRI provides a standardized method to measure road
roughnessndcan identify and predict roughness trefidsang 2003) Theoretically, a perfectly smooth
pavemenshouldhave anRI valueof 0, but realisticallyeven immediately after constructidhe
pavement roughness wilave someoughnessThelRI valueincreases proportionately with roughness
and is affected by factors such as traffic and environmental elerfiaetidexs typically calculated
using fidd measurements thate achieved usingavelengths andnaplitudesmeasurementsn the
pavemeris surface. Deformed or rougher road surfaces propagate back unique wavelength combinations
that can be translated to road roughr{isderson 1986 he translated road roughnesduesare then

used to assess pavement health and serviceability.

24.1 IRI History
The origins othelRI date back to the 20century TheBureauof Public Road (BPR) attempted
to standardizgpavement performance measurementsibpducingthe Roughometer in 194Gillespie
2001) The Roughometer issinglewheeltrailer whose dimensions, tire, mass, and suspension properties
have been standardized to achieve comparable pavement performance meas(&&iaspis2001)

The BAR Rouglometer is presented Figure2.11.
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Figure2.11 - BPR Roughometefmodified fromGillespie 2001)

Around the 198s, the American Association of State Highway Officials (AASHE&gan examining
pavement roughness measurements in terms of pavement servic€ahilty Jr and Irick 1960By the
1960s,General Motors (GMilevelopedigh-speed road profilethatwere capable of measuringad
profiles through vehicle vibration{§pangler and Kelly 1964%o00on thereaftetheapplication of this
system wasombined withthe quartercarmodel(a special purpose analog computbgt replicated the
BPR RoughometgiDarlington 1970, Sayers et al. 1986)vo versions othe quarteicarwereavailable
by the late 1960% BPR Roughometamd a 1968 Chevrolet Impal&ayers et al. 1986n the late
197Cs, the foundatioml researclof IRI took place under the National Cooperative Highway Research
Program (NCHRP)o develop calibration methodiar systems such as the BRoughomete(Gillespie
et al. 1980)Shortly after theWorld Bank expressed interest when the need for standardized and
comparableoughness measementdbecame apparent for funding purpoégayers et al. 1986 he
World Bankinitiated the International Road Roughness Experiment (IRREgriment in Brazil in 1982
to develop a standardized scéBayers et al. 1986 he result of the study was the developmerihef

IRI using the quartecarsimulationoperating at a standard speed of 80kr{fayers et al. 1986)
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24.2 IRI Significance
ThelRI is the most commonly used pavement performance imdepresentingoadn et wor ks 0
conditiors (AASHTO 2012) Road conditions can be classifigdtoughlIRI thresholdsthese thresholds
are used to make M&R decisioas a part of the PMShelRI thresholds can be used to determine riding
guality and help maintain targeted greenhouse gas emission levels due to fuel inefficiency. Greenhouse
gas emissions are directly linked to pavement roughness, as rougher pavements contribute to an increase
in fuel consumptiofAASHTO 2009) Maintainingroads within the road network and keeping track of
t he n epgavementragtiness itn the interest ofoad usersAn example of the indirect cost of poor
road conditionss given inthis quote by AASHTOfiThe American public pays for poor road conditions
twiced first through additional vehicle operating costs and thdning her r epair and recor

(AASHTO 2009)

2.4.3 Existing Models

Severalattempts have been madedevelop more accuratR®l modelsby utilizing various
datasetsThe most frequently citeliRl models are based &TPPand local transport ageiesddatasets
worldwide A summary of the most citd®| predictive modedis presentedn Table21.Mo d el s 6
informationpresentedn Table2.1 includes the coefficient of determinatioRq) and the number of data
points (N)used to develofhe model, wheravailable T h e  m dRdpeesestdd frontheliterature
ranges from 0.38George 2000)o 0.99(KargahOstadi et al. 2010, Mazari and Rodriguez 2016)
Generally, a modé predictive capality is better for the data used to develop the mobdet predictive
IRI models are developed using various techniques, including regression analysis drie Mariables
used in the modellintRI varied significantly between the models. Some of the more common variables
in modellingIRIl areAge ESAL AADT, structural number, transverse cracking, precipitation, pavement

thickness, and rutting.
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Table2.1- IRl models from the literature

thickness, and Surface thickness

Model | Model Variables R?
(Abdelaziz et al. 2020] Age, fatigue %area, IRIRut Depth, and transverse cracking 0.75 2439
length
(Albuguerque and| ESAL, mean precipitation, potential evapotranspiration, and 0.87 20
Nufiez 2011) 0.94
(Al-Suleiman | Age 0.61- 440
(Obaidat) and Shiyah 0.80
2003)
(Choi et al. 2004)] AC, ESAL, Boo, SN, and TO 0.71 117
(Choi and Do 2019)f AADT, Avg. max. temp., Avg. min. temp., Avg. temp, 0.87 1880
Deciding agent, ESAL, and Total rainfall
(Chou and Pellinen| Age, ESAL, FI, IRb, NOoFT, and Precipitation 0.98 20
2005a)
(George 2000f1) | Age, ESAL, MSN, RES, and TO 0.48 4109
(George 2000§2) | Age, ESAL, and MSN 0.35 690
(Georgiou et al. 2018] IR, IRIts5, IRl-4, IRIl:3, IRli2, and IRk1 0.93 -
0.94
(Gong et al. 2018b) Age, Block, Edge, Fatigue, Fl, pavement thickness,, IRBAL, 0.97 2343
longitudinalcracking, patch, polish, potholes, precipitation,
Ravel, Rut, and Shove
(Hossain et al. 2019] AADT, AADTT, AAMaH, AAMiH, AAP, annual average - -
freezing index, and annual average temperature
(Joni et al. 2020a)] high and medium severity potholes, high severity ravelling a 0.78 395
corrugation, medium severity alligator cracking, medium
severity patching, and polished aggregate
(Kaya et al. 2020) Age, previous IRI, longitudinal cracking, rut, traffic, and 0.87 360
transverse cracking 0.99
(Kargah-Ostadi et al.| Age, FI, Milling depth, By, previous IRI, surface layer 0.96 214
2010) | thickness, TO, and Time since last reading,
(Khattak et al. 2014) Age, CTI, ESAL, FN, IRd, PI, and TO 0.47 623
(Lin et al. 2003)| Alligator Cracking, bleeding, corrugation, manholes, patche 0.94 125
potholes, Rutting, and stripping
(Mactutis et al. 2000) fatigue%area, IR4, and Rut Depth 0.71 317
(Mazari and Rodriguezl Age, ESAL, IRb, and SN 0.99 2500
2016)
(ARA Inc. 2020)/ | Average rut depth, fatigue %area, SF, and transverse crackj 0.56 1926
(MEPDG) | length
(Owolabi et al. 2012) patche, severity level of rut, and severity of longitudinal crag 0.78 -
(ziari et al. 2016a)| AADT, AADTT, Age, average temperature, ESAL, freezing 0.84 -
index, pavement thickness, precipitation, and surface thickn
(Ziari et al. 2016b)[ AADT, AADTT, Average precipitation, Fl, pavement 0.94 -

AC: Asphalt Content, AADTAnnual Average Daily Traffic, AADTRnnual Average Daily Truck Traffig
AAMaH Annual Average Maximum Humidity, AAMIAnnual Average Minimum Humidity, AARnnual
Average Precipitation, ESAL: Equivalent Single Axle Load, FI: Freezing Index, FN: Functional Classifig
MSN: Modified SNINoFT: Number of Freeze and Thaw cyclesoP6 passing 200 sieve, Pl: Precipitatid
Index, RES: Resurfacing type, SF: Site Factor, SN: Structural Number, and TO: Thickness.(
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In literature, the most frequently used datasetsléoeloping models are those from the Ldregm
Pavement Performance (LTPP) database maintained by the Federal Highway Administration (FHWA)
(Mactutis et al. 2000, George 2000, Choi et al. 2004, Chou and Pellinen 2005a,-Ratgdlet al. 2010,
Khattak et al. 2014, Ziari et al. 2016a, Mazari and Rodriguez 2016, Ziari et al. 2016b, Gong et al. 2018b,
Hossain et al. 2019, ARA Inc. 2020, Abdelaziz et al. 20PB¢ number of data points used, where
reported, varied significantly bewe en t he model s. The number of repoil
development varied between 20 and 4109. Additionally, the number of variables used in the models
ranged between 1 and 16. From the review ofienodels, the variables used, the numberasiables,
and the number of data points varied significantly for model development. The review suggests that a
variety of variables with sufficient data points should be considered for mod&ling
2.5 Regression Analysis

Regression analysis is one betmost commorechniquedo develop a relationship between a
variablgs) andthe variable of interesthere ae variousformsof regression analysi some of the simplest
regression analysis forms are linear regression and polynomial regnesxieis In regression analysis,
themodé development can be done througiiousvariableselection methods to develop the best possible
model. The developed modetsinbe evaluated through statisticabasuresuch as?? and the Root Mean

Square ErrorRMSH, among other stesticalmeasuresater discussed in this section

25.1 Linear Regression Models

One of the most commonly useejression analysis modeldli® linearregressioomodel. The
simplest form ofegression modkhg is the simpldinearregression modeWhichincludesonly two

variablesThe simple linear regression moaein bemathematicallyexpressedsfollows:
AT B AT (2.1)

Wherebpisthemodd s i ntalrce prtef erred t obiatheregressiomodel 6s cor

independentariabléd soefficient @lso known as the gradien represents the independent vargabl
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represents the dependent variable, Eiscthe unknown error terialso known as the rieal). The

unknown error term is the difference betweendhserved and the predict¥dalues.

When there are more than two variables to be used in linear regression modelling, multiple linear

regression is usedhemultiple linear regression model equation could be written as fallows
@ 1Te 1o E 1o - (2.2)

The main difference betwedine simple and multiple linear regression models is the number of
independent variables that are usegrexlict the dependent variable. Otherdéesemmon regression

analysis modelling techniques include polynoraiadilogistic regression models.

2.5.2 Variable SelectionMethods

Variable selection methods play a crucial roleniodellinglinear regression modelSelecting the
variables with the most significance to the target variable aids in creating more accurate Thedweigst
frequently used selection methods fargression applicatieninclude forward selection, backward
elimination (also known as the backward deletion method), and stepwise selection methods. The forward
selection method develops the multiple linear regression mbgeidding independent variabléo the
equation one at a time. The independent variable with the strongest correlation to the dependent variable is
added using{value and-statistics. The process repeats itself until no more independent variablésewith

requiredtolerancdevel canbe added to the modgweet and Graeblartin 2010, NCSS 2021)

The backward elimination method, or the backward deletion metva#ls similaty to the reverse of the
forward selection method@hemultiple linear regression model is first generated with all the independent
variables and the variables with the weakestrelation to the dependent variableeremoved one at a

time. Theprocess repeats itself until all the remaining independent variables are highly correlated to the

dependent variablgSweet and GraeB®lartin 2010, NCSS 2021)

Finally, the stepwise selection methoaimbineghe two selection methods mentioned above. The stepwise
selection method is a modified version of the forward selection mefhadrrelation test is geformed
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with the additonoe ach i ndependent to test whet hiemwiththee ot he

dependent variable hdieen reduced below a tolerance level. At each step, if a variable falls below the
tolerance level, they are removed from the multiple linear regression (Soaegt and Graeklartin 2010,

NCSS 2021)

2.6 Artificial Intelligence

Through the utilization of training dat&] hasnumerousapplicationgelated tcclassification and
regressionThe technologyttemps to mimic advanced human skills and decisimaking is use@cross
various industries andisciplines A famousapplicationof Al involvesthefamous chesplaying program
thathasbeaens ome of t he wor | ldoveverbppleationsdileestand farlbeygne r s .
board game applicationSome of the most common applicatiansludeimage recognition, video
classification, speeeto-text, natural language processing, tabular and-sierees data applications, and

recommendation systems, as well as other predictive modelling fun@ilang 2020)

2.6.1 Machine Learning

As a subset of Al, Mlfocuses orearning from a given set of dafehe main principle of ML is
to train the computer to analyze data and identify patterns using statistical learning and optimization
methodsThe ML algorithmsgenerallyhave three componenta decision process, an error function, and
an optimization procs(EL Naga and Murphy 2015%enerally ML can be divided intdhree
categoriessupervised learning, unsupervised learnamygl reinforcement learning. In supervised
learning, algorithms are trained to classify or predict outcomes based on labelled datessgistvised
learning identifies patterns in unlabeled datasets and classifies the data acortegeinforcement
learning process is similar to supervised learnivith the exception of how the model is train€de
model is trainedby trial and error in a reward/punishmdeedback systenm an attempt toffer the best

solution for a given problerfiBM Cloud Education 2020)
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2.6.2 SupervisedMachine Learning Algorithms

Supervised ML is eformed through a set of defined rules and methods in the form of
algorithms Many supervisedML algorithms existhowever, none of thagorithms are capable of
providing suitablegesults for all applicationsT'his poses the neé¢d test various ML algorithms to
identify the best algorithmfor a given applicationrCommonly usedupervisedviL algorithmsfall into
the categories afecision treesgnsemblesearesneighboursregularized linear regressioftificial
Neural Networks (ANN)and Support Vector Machines (SVM). The supervised ML algorithms
considered in this studyrethe ANN, CatBoostdecision treeslasticNet, K-NearestNeighbor (KNN),
Lasso, LightGBM RandomForest, RidgeSVM, andXGBoost regression algorithms.
2.6.2.1Decision Trees

Decision treecan be built in differentonfigurationsthe main characteristic of decision trees is
utilizing a training datasetsinput torecursively create #iow chartwith binary filters atheintermediate
or decisiomodes. T h e  m dogr-dolvrossructure starts with the general input at the top and breaks
downthroughbinary filtersuntil the process reaches a leaf predicting an otieuVille 2013) The
binary filters used in decision trédgbow charts are simply to guide the model to a waterminalnode to
produce a predictiorAn example of a binary filter could be as simple as filtering if a value is greater than
or less than a specified valu2ecisiontrees can be applietb regression applicatiawhere the algorithm
infers binary filters based on the training data to ereat/esendpoints where an output could be
predicted. A simplified example of sualstructure is presented in Figu2d 2 to demonstrate the
flowchartlike structure of decision treeEhe figure starts with a root node and gt into decision
nodes using a binary filter. At eadecisionnode, a splitting occurs using a binary filter untiéaf or
terminal node is reached and a préaditis generatedn the figure, a simple dgsion tree is presented to
predict if an object is a tre&@he Root node starts by deciding if the object has a root; if the answer is no,

a terminal node is reached, and a prediction is generated; if the answer is yes, another decision node is
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reached, ad another question is raiséthe processepeatstself until a terminal node is reached and a

prediction is generated.

Root Node

Doe AVE 100

Decision
Node

Does it have a

. Binary {
Not likely a tree Filter ; trunk?
Terminal Yes *

node

Does it have a
crown?

Not likely a tree Likely a tree

Figure2.12 - Decision tree flowchamsxample

2.6.2.2 RandomForest

Randomforesttreesare a ensemblef decision trestrained using the bagging methddhe
bagging method creates a mottelt useseveral independently btigstimators to generatepeediction
that is the average of tliedependently builestimatorgBreiman 1996)Simply put, randorforest trees
areseveral decision trees used to genergeediction.The randordorest trees, in essence, are a
collection of trees operating as a committee, often outperforming induvial decisiorAsegsadvantage
of using the bagging method, randdonest trees aradvantageouis preventing model overfitting
(Breiman 2001)A visualization of a randorforest ML model is presented in Figu2d .3, wherethe
output is the average séveral independently butliees The inpu data is fed into the randefarest
model and is then fed into several decision teé@siltaneouslyeach decision tree processes the input

and provides a predictioihe predictions are theveragedand the final prediction is generated.
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Prediction 1 Prediction 2 Prediction k

Predictions averaging

Final Prediction

Figure2.137 Randan-Forest ML Modekepresentationf generating prediction

2.6.2.3Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN)have beemommonly used in ML modelling for various
applicationsThe ANN algorithmderivescorrelationsetweenvariablesand isinspired bybiological
neurons The generainethodof processing input in an ANN ML model starts with an input layer that
feeds intdayers of neuronghidden layersjhat each add a biand applies a functiodfter the input has
been changed in thedden layes, an estimated output jgesentedn the output laye(Bishop 2006)
There areaveralmethodgor developing ANN modelsThe most successful type of ANNodellingis
the feedforward neural network, also known as multilayer percef@ishop 2006)A visual
representationf an ML model built using the ANN algorithnis presented in Figur214. The figure
presents an input layer which contains neurons (highlighted in orange) that receive the input. The input is
then fed into the hidden layers (highlighted in bleebe transformed using biases and functions. The

hidden layes thenfeedinto theoutput layer (highlighted in yellow) where a prediction is presented.
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Input layer Hidden layers Output layer

Figure2.14 - Neural Networks ML Modelayersrepresentation

2.6.2.4LightGBM Regressor

Light Gradient Boosting Machine (LightGBMY anothersupervisedML algorithmthatbuilds on
the decision trees algorithas ensemble&ightGBM uses two novel techniquasdeveloping decision
treesthegradientbased oa-side sampling anthe exclusive feature building techniques, both part of the
gradient boosting decision tiefeamework The gradienbasedneside sampling technigus based on
the ideathat different data instances can hageed influenceonamodé 6 s i nf or mati on gair
technique keeps data instances that contribute mo
instances wittsmall information gainA larger gradient can represent a larger information gain by a data
instance, hence the name gradieated samplinglhe exclusive feature bundling technique is used to
create a model without nonzero values; in other words, it eliminates any featutes/ghab significant
contribution t o tArepresentatienlofdrotdevelopimeantrusing the LeaghtGBM

algorithm is presented in the figure below.
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Node where the
maximum error loss
will occur in the
initial decision tree

Figure2.15 - LightGBM ML Model, Leaf-wise tree growth representation
TheLightGBM algorithmcombines gradierdtased onside sampling and feature bundling techniques to
develop ensemble decision tre€he algorithm builds the trees vertically (lagise) and keeps the leaves
with the maximum error losgCover and Hart 194 Ke et al. 2017, Microsoft 202Ihevisual
representation of LightGBM model generation is presented in Figusetiighlighting the leafvise
growth of the trees instructed by the LightGBM algorithm. The figure presents how the LightGBM
algorithm develops decision trees. An initial decision tree is created, and the next leaf is added where the
maximum error loss would occur. The process repeats itself until no more leaves can be added to improve

the model s performance.

2.6.2.5Support Vetor Machine

The Support Vector Regression (SVR)so known as SVMs an ML algorithm that utilizes
Lagrange multipliers in model developmé¢Btshop 2006) The SVM algorithm developsraML model
throughthe concept odmargin(the smallest distance between a decision boundary and any of the

sampleyand supportéBishop 2006)The model 6 s mar gthebagiamgemiud & n tpil fi iee d su
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functionand is used to create the decision boundéng.decision boundary is also referreéso
hyperplanesdatapoints that fall within the hyperplagare called support vectorhrough the use of

hyperplanes andnherently the Lagrange multipliershe SVM algorithm is useful in identifying outliers

in a given datas€Bishop 2006) T h e al g omarginhandssipparts reduced the ability of data
outliers or data noi paformancethus,tregucihgahe emmodel's geteralizdtien mo d e
error(Bishop 2006)A representationf the hyperplargand support vectors concept in SVM is

presented in Figur2 16. The red hyperplane in the figure represents the optimal hyperplane didehe
hyperplanes represents the decision boundints marked in yellow represent the support vectors that

fall within the decision boundary and are usedénerating he model 6 s predicti on.

margin

Figure2.16 - SVM support vectors withia definedmarginrepresentation
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2.6.2.6 KNN (K-NearestNeighbour)
The KNNutilizes the Euclidean distare®® classify neighbouring data according to a predefined
p ar a me Yakg heritd the K in KNearestNeighbour(Cover and Hart 1967The Euclidean
distances between data points are calculated, amd¢har e st fAk o number of data p
providing t he Theagerithd s geparalyd iclassificavion ML algorithm; however, the
algorithm has regression applicatdahatcan be used similgrto the SVM algorithm A representation
of thefi k 0 iInKINN ik presented in Figur217.1 n t he fi gure, the fourr st <circ
thus, the closedobur neighbours are used to make a prediction. In the first neighbourhood fikith a
value offour, threeneighbours are highlighted in blue and one in orange; thus, the data point can be
predicted to be similar to the blue neighbolir;mi t he second cfifteeq tomsistingdie Ak o
sevemeighbours highlighted in orange agidhthighlighted inblue; thus, the data point can be predicted

to be similar to the blue neighbours.

Figure2.17 - K-NearesiNeighboralgorithmneighbarrhoodrepresentation
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2.6.2.7 XGBoost Regressor

XGBoost is arML algorithmbased on gradient boosting machine decision fraesework
(constructs ensemble decision tre@$e gradientboosting machine decision framework was previously
discussed for the LightGBM algorithrim the LightGBM algorithm, decision trees are built vertically or
leafwise in contrastthe XGBoost algorithm construstreeshorizontallyor levelwise The algorithm
buildsthemodgb ar al | el 'y to i ncrease t hAdditbbhalywKsBawdt s spee
takes advantage of simultaneous processing, tree pruning, and regularizations evevitichg the
model whilefollowing thegradientboosting machine decision framewdhen and Guestrin 20163
representation dhe XGBoost algorithnbuilding a decision treis presented in Figur218. The figure
presents théevelwise decision tree construction where instead of each leaf being constructed where the
maximum error loss would occur, a level is construettea time containing multiple leavesere the

maximum error loss would occur.

A new level is added
to the model

Figure2.18 - XGBoost ML Model, Levelwise tree growth representation

2.6.2.8 CatBoostRegressor
CatBoost is an ML algorithm that utilizéise gradient boostinghachine decision trees
frameworkto develop ensemble decision tre€ke algorithm creates decision trees sequentiaitiz

each successive tree htwilith a smaller error than the prior tré@orogush et al. 2018 atBoost
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mo d etreed are constructed so that tfeeel growth provides the lowest possible loss funcfidre

process by which the CatBoadgorithm builds the decision trees is similar to that of the XGBoost

However CatBoost imposes the rule that all nodes at the same leaf levellveotdsted with theame

conditiors, and the nodes are then given an index or a weight. In other wordfgahtéhm utilizes the
weighted sampling version of the Stochastic Gradi
(Dorogush et al. 2018R representation of CatBoost regs@n tree growth is presented in FigRrES.

The figure shows an ensemble of decision trees developed using the CatBoost algorithm and presents
balanced decision treesntaining the same number of nohedt leafwise using the gradient boosting

machinedecision trees framework.

Ensemble of Decision Trees created sequentially by the CatBoost algorithm

Figure2.19 - CatBoost algorithnensemble decision treespresentation

2.6.2.9Elastic Net Ridge, and Lass&egression

ElasticNet, Ridge, and Lasso regression ML algorithms utiilzed @onidL 2 0 nor m
regularization ithemodeb developmentThe algorithmausethe concept of shrinkage of data using a
norm regularization method to assign coefficientthéovariablesn the model. Variables within the
model with low contribution$o the modebre given a penaltand their effe@on t he model 6s
predictions are muted. h e 16fi ln o r m r e meaihbdeadda peadltyeqaahto the absolute value of

themagnitude of the coefficientesulting in some casésa zerccoefficientvariableandeliminatingthe
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variadbleThe AL20 norm regul arization adds a pfgrenal ty t c
Lasso regressi on ML rnaregglarization to shrink tatalpdings ¢dowardfalméain n o

point. TheLasso algorithm reduces data noise caused by adjusting for multicollinearity. Ridge regression
algorithms wutilize the AL20 nor m r empeanimpmoving at i on t
t he mo d-equaeserrdr. &he &lastidet regressioML algorithm is a combination dfoththe

Lasso andRidge algorithms in thaheElasticNet al gor it hm wutili zes both AL:
regularization to aid in fully utilizing the training data while minimizing nonzero data weigimset al.

2007, Friedman et al. 2010jhe ElastieNet algorithmpenalizessariables with little contributioto the

model 6s output nladte ddvesn mdtl . elaidd L2 O mbbonaeatiodr egub&ar i
helpskeeprelevant information in the mode\. comparative representation of all three algoritligns

presented in Figur2.20. The figure showsheL ass o regr essi ondtiendaiaL 10 nor m r
shrinkage range comparediteRi dge regressiondéds fAL20 norm regul ar
theAL20 norm regularization is | ess severe than tha

shows ElastiNetsus e of both fAL106 andintheédatashtinkagd. or m a compr

Lasso L1 Ridge L2 Elastic-Net
L1+L2

Figure2.20 - Lasso, Ridge, Elastiblet norm regularizatiorepresentation

2.7 Model Evaluation
It is critical to evaluate thperformance of thdeveloped models and the variablsgdwithin
the developed models. There are varistagisticalmeasures$o evaluate the developed modetsany of
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themf ocus on t he var i an c eonznfdhe mast canmpnegswddmttaieonds me a
used in model development incluiean Absolute ErrofMAE), Mean Square ErroMSE), Root Mean
Square ErrorRMSBH, Coefficient of determinatiorRf), F-test,t-test, angp-values(Sarstedt and Mooi

2011, Dubitzky et al. 2013)

2.7.1 Mean Absolute Error (MAE) Mean Square Error (MSE), and Root Mean Square Error
(RMSE)
The MAE or theMean Absolute DeviationMAD) is a statisticatneasureéhatmeasurshow a
predicted value differs from a measured valtlee MAE is calculated by adding up thésolute
differences between the predicted and observed valbiessum is then divided by the total number of
observed datpoints tqprovide anindt at i on of how c¢cl ose the average mo

value(Willmott and Matsuura 2005TheMAE is calculated as follows
DOO -B ® ® (2.3)

Wheren is the total number of data poin¥,s theobservedralue, andy is thepredicted value.

TheMSEor theMean Square DeviatioMSD) is anothestatisticaimeasurehatquantifiesthe deviation
betweernhe observed and predicted va(ttossein 2014, Olive 2014TheMSEis calculated in a similar

way to that of théMAE as follows:

0°YO -B & & (2.4)

Themathematicatlifference betweeMAE andMSEis thatthe formertakes the absolute value of each
difference between the observed and predicted values, whiktdreakes the square value o&th
difference between the observed and predicted vallesVISEis more suitable than thRdAE when
needing to highlight thdifference between the observed and predicted values greater than one while
muting the effect of differences less than ort@s is a result of the squaring, which effectively weights

large errors more heavily than small ones.
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TheRMSE or the Root Mean @iare DeviationRMSD, is another frequently used statistinadasure
thatquantifies the difference between the observed and predicted {dhgsein 2014)Simply put, the

RMSEis thesquarerootedMSEand iscalculatedas follows:

YOYO -B & & (25)

The difference between tiMSEand theMSEis thatMSEis measured in units that are sqsarkthe
model's independent variable. In contrast,RMSEis measured in the same unit as the model's
independent variable. Both tRMSEandMSEpenalize largedifferences between the observed and
predicted values; however, tRMSEprovides a measure of the model's error in the same units as the

target variablehat can provide a better insight into the model's error

2.7.2 Coefficient of Determination(R?)

TheR?is astatisticameasurehat is widely used to describiee degree to which the model explains
the observed variation relative to the mean. The coefficiensésl as a benchmark to evaluate the
performanceof models and varies from 0 to An R? of O indicates that the model completely fails to
explain the oberved variationyhile anR? of 1 indicates that the model can perfectly explairotheerved
variation from the mearThe coefficient is calculated usingio parameters, thexplained variation of
predicted values from the mean and the tobaslerved variatiofDraper 1998, Sarstedt and Mooi 2011)

The explained variation of predicted vala®l total observed variati@mecalculated using the following

equation:
Own a ODIQQOOBRE & © (2.6)
Y€ Owxai QOO0 BE & © (2.7)

Using equatios2.6 and2.7, the R? could be calculated by taking the explained variagiod dividing it

by the total observed variation flows:
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Y (2.8)

The coefficienti?? can have limitations when assessing the performance of a regressionAuldite) a
slightly correlatedndependent variable to the regression medeld cause thé¥ value to increase
without significantly improvinghe moded s p r e d i c¢ t Theadjusted®eaeflicientdan beused
to decide whicltombination oindependentariables producghe best possible mod@raper 1998,
Devore 2016)The adjusted®® represents the degree to which the model can explabserved
variation while accounting for the number of independent variables in the ribdeddjustedr’ is

calculated as follows:
0QQOIYOOD p Y —_— (2.9)

Wheren is the total number of observations &nid the number of independent variables in the model.
The adjusted®? provides a quantitative method to choose betvannativeregression modelshile

considering the number of independent variables (Sastedt and Mooi 2011, Devore 2016)

2.7.3 Null Hypothesis F-test T-test, and Pvalues

Model developmengenerallyattemptgo provethat the independent variablleavean effect on a
dependent variableThere are two general hypotlessformulated fothe model development: a null
hypothesisaand an alternative hypothesis. A njipothesis, denotdaly Ho, states thathereis no statistical
significanceor relationship betweemdependent and dependent variablBse alternative hypothesis,
denoted by H states that there is a meaningful relationship between the dependent and independent
variables, which can bexplained by thelevelopednodd. Various statistical tests help decidewhether
to reject the null hypothesis or the alternative hypoth&sisan adequate regressitime desired outcome
is torejectthe null hypothesis and prove the alternative hypoth&@sismostcommonlyusedstatistical

measureiclude the Rest,t-test andp-values(Sarstedt and Mooi 2011, Haldar 2013, Goodman 2017)
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The Ftestor Fstatisticis a statisticameasurehat uses Hlistributionstoc o mpar e t he model &s
and is compted as the ratiof the meansquarebetween to the mean square within the distribufidre
mean squarbetweergroup valuas computed usinthe betweefgroup variatior{Schumacker and Tomek

2013) The betweetgroup variatioris calculated as follows:

YY B & QO (2.10)

WhereS$ representshe betweengroup sum of squared deviationk represents the overall number of
groupsh represents the number of observations inthatgupe pr esent s t he popul ati
@ is the mean in the jth groy®arstedt and Mooi 2011%imilarly, the mean square within is computed

using thewithin-group variation and is calculated as follows:

YY B B & & (2.12)

WhereSSy representthewithin-groupsum of squared deviatioasdXjr e pr esent s t he obser
in the ith and jth group Thebetweergrou variation and the withigroup variatiorhave to be normalized

to be used in the-Eest The normalizations done by dividing the variations by their degrees of freedom to

obtain their mean squa¢Sarstedt and Mooi 2011, Schumacker and Tomek 2018 mean square

between and mean square withnecalculated as followgespetively:

oY — (2.12)

oY — (2.13)

The normalized between and withgnoup variationsby their degrees of freedomesultingin the mean
squaresboveis used taalculatehe Ftest valugSarstedt and Mooi 2011, Schumacker and Tomek 2013)

The Fstatisticis calculated as follows:

o (214)
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The ttest is another commonly used statisticedasureto aid with whether taccept oreject the null
hypothesisThe calculation of thetestvalue iseasier to calculatinanthe Ftest(Sarstedt and Mo@011,

2011) The ttest can be simply computed as follows

o L2 (2.15)

Whetr afrepresentshe sample mea, is the population mean, aisdis the standard errofhe standard
error is the standard deviatios),divided by the square root of the total number of observafifastedt

and Mooi 2011Schumacker and Tomek 2013he standard erraan becalculated as follows:

Where n represents the total number of observationsyaadhe "o b s er v at iltisimpatanttoa | u e .

recognize that themmeasuresnentioned above ar& one form or anotherelatedtotheno d el 6 s. var i

Thetests mentioned abowaéd with the decision omvhether tareject the nulbr thealternative hypothesis.

The decisiorio rejectthe null hypothesis constricted by theno d eplvé@ad u e-vale The palue is

the probability of the null hypothesis being correitt other words, the probability that the alternative

hypothesis isrue T h evallik is a threshold set to determinhether thepalue issmallenough to reject
the null hypothesisThe threshold is often set at 0.05 for most regression modelling applicatioms.
mo d e lvdlug nepds to be equal to or below the defined threshold to reject the null hypdihe£i85
thresholdmeans that there is less than a 5% probaliligythe null hypothesis is corre@imilarly, the
confidence level in rejecting the null hypotheisisl e not ed by s-walid frora t; thusnthe
confidence level o r -value of 8% is 95%Sarstedt and Mooi 2011, Schumacked @omek 2013)The
relationship betweethet-value and pvalue is presented in Figuk21.1 n t h e f-valgeuisset at
5%, and the respectivetést value islenoted astritical. The tcritical value splits the curve into two parts
the area on the left of thectitical value is called the acceptance regiwhere we accept the alternative

hypothesis and reject the null hypothesis. Festivalue denote$ie probability oferrorin rejecting a true

38

an

C ¢



null hypothesisin this case, thedtatsticis larger than thegritical valug and thus the null hypothesis can

be rejectedvith a confidence level of 95¢%&arstedt and Mooi 201.1)

Probability density

G5% of area under 5% of area under
the curve the curve

" »
T -

-
-

p-value

’

I
t-value t-critical

Figure2.21 - The relationship betweervialue and pralue(modified fromSarstedt and Mooi 2011)
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Chapter 3 : Development of International Roughness IndexIRI) Models for

cold regions usingPMS data from the province ofAlberta

Abstract

I nternationall Roughaessndndaxof of pavement pe
l ongi tudiOvaelr phemiylkean s , leRlpiediicdli on model s have be
basemeadasndanéd to estimate the effects of cl i mat e, 1
di stresses, and other factors contri bluRiMbdegl!l 80 r oa
remains a chal |l eGugrer ef ndtriny,dedde dalgheymrcti @ sTr anisspor t at i «
only a odl iabrgaetnitdml demodkebpment and validation of
regression models are necessary. I n thisysamdy, r
Pavemantaghk®ment System ( PMS) tdhaet anbeaws emopdreol vsi daerde bdye v
estilnfals echange as a functToa -sspifetdenRitlotdiep Ise dleeye | wapreid:
t his chaptmorder ess slutpeed Mier hadE&Eimptimmét cafl tDlkeesi gn Gui de
The results of this study indicate that the propo
addition to planning maintenance and reifylillei tat:i
Aml ysis (LC@QyclamdCastiAral ysi MEPDGACCARe! cwimpharti meg dr
developed in this study confirm that the |l atter w

and other agencies can em&ret beé¢eteri opratdiemi ons ab

3.1Introduction

Throughout history, roads connected people to
mai ntenance have always been a challenge for wvari
continues to be a si gniofuincda ntth ec ognl coebren. fTohre d oavregremrm
greater the challenge is. The province of Al berta

about 64, 00 0 (AbestanTeandporthtion2@20)r Alsber t a Transportation |
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sophisticated Pavement Management aBgdtdmc( PMBhsfto

includes various Mmad&l o gt idboiaz idrpgvi tt he deei wii o@mabi | it
pavement network. One of the most critical aspect
commonly the I nternlaRRlii onal Roughness I ndex (

ThleRIs an i mportant indicator for assessing paveme

can be repredediitteld bgspeciti st dvianli umes iiCrhdaincgaetse ianhang
pavement roughness resulrtiitryg fdiemrtersaf f iagleRb tamuwc tc
of 0.0 denotes a perfectly smooth road (Sayarsf ace an

1995b) Di fferent regions exhibit unigue traffic beh:

climate patterns. Pavement prediohigspembfietbsragko
therefore, devwendopungte paveeaeisachgiengedriitsdwiime model
|l RModel s require | ocal calibration by transportat:i
databased Impi AT,aimaen be utilized tol Rlné ates dIVvee m@i

specified period of ti me.

This study b Riosdetlos dtehvaetl oapr eo tnhoer ep rroewpirnecsee natfa tAlvbee r
current |l y uThrough develapingmoork edcusdi®d models, road networks can be designed

and planned more effectively, resulting in safer, more comfortable roads and, if used appropriately, lower
expenditurescFur t her more, this study egamiwesi abhleei onpathe
| RModel s output. The ImBlste it hpactufseld I(tReividelvied Dpbom e
addition, this s tBEnpyi ruisceasl tDOhees i MjerBnh&Gdneildsetai$cM& PID&N ¢ h n
compar e t hneo ddeelv etlhorpobeudgh a case study usi-wygathe | if

peri od, showing the environment al and economic i m
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3.2Background

Pavement roughness affects r (Rdbbinsqnddrari201%), tr ave
Roughness directly impacts fuel consumption, repa
mai ntenance, and vehicle efficiency. I n Iight of
roughness clearly plays af fcorittd ctad med eur dNepraev dme!

i ncl udifRmghdawywe been mainly conduocttleidmani & hocohua n greu.c h  «

Among the first experiments to measure-spaeement r
profil er €£aormus$@una rothnesr i rfHowehekal. 2083) eT HL &8 pleiegdh prof i |l er s
measure the actual profile over different wavel en
QuatrCtaar si mul ation producedeaumod e IP(B®RAotu ghheopnideist ceart e
(Dillard and Allen 19599Soon t hereafter, a commercial version o
QuartrCaar f or analyzing road roughness.|l RBihet &Wnr i d Ba
19 §&yersetal. 1986) The Woil Rtle Buintkssfrom a correl ation exp
called the | nter neaxtpieonale nRo a(d RROEWg hmehsisc h i ndi cat e
could and shoul d bel Rewell mopenke.ntT ied nlge da dtdee dt haes an
research prioRjlmamdeard oppled -Clasri nog etrhaet | Quuya cafte 8a0 st anc

km/ hr.

A number of attemptsl Rlipgseemewasmatdandandezetet o i
capabil Rtoidees sofby maki ng use of vari3dus hdavtsa seotme.
the most f i Ryrueditdtyidweas erbadoeelds u s i n gb arseegd eosns i tohne alnaoar
Ter m PaPRernfeonr(md ipdPgo g(Geome 2000, Choi et al. 2004, Khattak et al. 2014, ARA

Inc. 20200 r | o ciadisa b g b a s e s(Magtatis &t dlv2000, &in et al. 2003,-8uleiman

(Obaidat) and Shiyab 2003, Albuquerque and N&A, Owolabi et al. 2012, Joni et al. 2020a) T h e

mo d el summar i es31lpradwiodd chcilrudeabilhee Bpe&hdcikatnomb

of data points used), nwhervellltampamdgatld Ilceo. mmode v hei a bl
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| RModel s abo

i pr edil tliThhge

Khattak et al. 20145 0 me
vari abl eermmap sni lgatt e (Gadrge 2000, Aluquergue dne Nufiez 2011, Khattak et

al. 2014, Choi and Do 2019, ARA Inc. 202Mo d e | s

their
abomenti oned

Nufiez 2011)

devel opment

vV e

soi |l

are mainly

and ar e

applicabl e

includenage ROhrahé&i Cewamddehes
p Prlaan®iesd Er s hewepave @Whaidtal.2004,ub gr ade

modeTable3dha@dai st r ucr ufreesd t anrpmbeedri ct 1 v e

offhteere mos ta alifahar attaeei aatt i

mo d e | gGeorge®000) i on4Linfet ab 20030 AlbBcdpierque and

Table3.17 Summary of varioutRl models reported in the literature

crack

Model | Model Variables R? N
(Albugquerque and| ESAL, mean precipitation, potential evapotranspiration,| 0.87 | 20
Nufiez 2011) and SN 0.94
(Al-Suleiman (Obaidat)] Age 0.61 | 440
and Shiyab 2003] 0.8
(Choi et al. 2004) AC, ESAL, Boo, SN, and TO 0.71 | 117
(George 2000] Age, ESAL, and MSN 0.35 | 690
(Joni et al. 2020b) high and medium severity potholes, higverity ravelling | 0.78 | 395
and corrugation, medium severity alligator cracking,
medium severity patching, and polished aggregate
(Khattak et al. 2014) Age, CTI, ESAL, FN, IR4, PI, and TO 0.47 | 632
(Lin et al. 2003)| Alligator cracking, bleeding, corrugation, manholes, 0.94 | 125
patches, potholesutting, and stripping
(Mactutis et al. 2000]) fatigue%area, IRJ, and Rut Depth 0.71 | 317
(ARA Inc. 2020) | Average rut depth, fatigue %area, SF, and transverse | 0.56 | 1926
MEPDG | cracking length
(Owolabi et al. 2012] patches, severity level of rut, and severity of longitudinall 0.78 | -

AC: Asphalt ContentCTI: Cumulative Temperature IndéxSAL: Equivalent Single Axle Load, MS
MSN (Modified SN), TO: Thickness Overlay, FN: Functional Classification, SF: Site Facto
Structural Number, Bo % passing 0.075 siev:

The

devel op-8dl &iyméanh

contrast, Li

(Obaidat)

n et al (2003)
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3.3 RegressionAnalysis Framework
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model development, selectiaginhgethar mableés $e
testing and validating the model. The regress
with data collection, in this case, data extr
collected, tihmcdodmgoni $dtaemoinss ainm t he extracted
One | imitation could be that the extracted da
of i nconsistencies woulldRibleuede IihtcolgRIcal epcio

values could be caused by equi pment or record

identifying and removing data outliers and th
anal ysis modelThkeuvelodpsmemtcl ude software to id
train the model. The model wvariable selection

the variables with the highest stahesttcalned

using the selected variables, followed by mod

3.4 Alberta Transportation PMS Database

Transport agencies ut irleilzaet ePdMS atsok sp, e rsfuocrhm apsa vpe:
mai ntenance, and rehalkimeint atpieoh or Maemcacpuradytoive
t he PMSOs(Hadohatal.il®McAhl berta maintains an extensive
in this ssgatdypr dhiedeadtlay AT includes comprehensi ve
variables for the period 2014 to 2020. The variab
to pavement section | ocatiobaseavseimentypgpebaseng
base thickness, surface thickness, | astAA®dti vity,
Equi val ent SIE®HI &I Atxrlaen sLvoeards  cr acking area, | ongi

l ength, other cracking areas, and rutting depth.

The most common type of pavement category in the

particularly Asphalt LompltalettGwaravaeyentematyv e(mfePt) (alnld) .
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focusels pavdment types, the OL and ACP pavement ty
the network were idethagdd epavwawesmentasgg.edFarndsinmml i ci t

bet ween stagegednpawvwements f ¢6RImddel sdevel opment of

3.5 DatabaselLimitations

Onadet ail ed examinati omcaof s talnéde A twesti @onesh s e s 0 ene
I nconsi stencies in the dataset i h&laldeds rtefceotr dvedar e
l ower than tRdlprsecddiomg Wdarnt. exhi bited such inco
dat aset . Similarly, a handf ul of sections Thhaed fdun

Aunknowno basreaessoighdtiyesei agAgr i c wlgtennrcey 6asn d ofed r € otr

viewi ng soi | (AbeptgpAgreulturenand®Horbsery20)a The soil types wer e
according to the Unified Soil Classification Syst
of medium plasticity, gravelly c¢clays, sandy <cl ays

Limitations i n tohme sdsaitoans eotf.Tisnodl,lu dpdrao ptrelPet § ®iscdi t y | n
Percent pRageswege2@bdoen as model variabl eéshet o cap
freeze and thaw eff ARAINC.2820) i Bha hwa If ulkeld dsasripeg med i tcc
the means of the ranges specifiednt nstthectMEPHG Iy

Nati onal Cooperative Hi ghWRAyYync. R arch Program (NC

Another | imitati otnhcedfi mahe datt@asaetaswatt hatcl uded.
weat her stations were used to comp(AlbedaAgriciltureat e dat
and Forestry2021a) The compil ed datasemuil atcleddepdecppéciapi O
temperature, minimum temperature, maximum temper a

devel opment, several climates and temperature ind
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The presence ableutithiany 1argerednat aset. Anal ysi s
val ues for some of the variabl es. OQutliers were |

inner fencMCSE20Pp) oAl esquati onsarfeorasb oftohl laopwsr:oac h e

D& 0Dt EQ0E OB  pd OO 'Y 3.1
YRR OE £00E H'G pd 00 'Y 3.2
DévboOR:E GG o 00y 3.3
YRR oORE OB o 00y (3.9

Q1 represents the 25th percenti®, represents the 75th percentile, #QdR represents the interquartile
range (the difference betwe& andQ:). The percentage of the data points in the inner and outer fence

datasets was 37% and 85% for OL pavements, while for ACP pavements, 42% and 85%, respectively.

3.6 Developmentof Regresson Model

Regression analysis is a mathematical approadhveloping a relationship betweadependent
and independent variable(s). This mathematical analysis relies heavily on available data and the number
of variables utilized. Multiple linear regigen is a technique that is used when a dependent variable is a
function of various other variables. A multiple linear regression model can be expressed in the form as

follows:

o I fTow fow o E | o - (3.5

whereby, b1, b2, B are the regression coefficients, x, & represent the independent variables, y
represents the dependent variable, and U represen
statistical tests such asskatistics, 4statistics, ad pvalues. Similarly, the ability of a regression model to

describe the relationship between the dependent and independent variables can be assessed by estimating

the coefficient of determinatiofRf), the Mean Absolute ErroMAE), the Mean Square Err@¥SB, and
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the Root Mean Square Errd®iISB. TheR? is the measure of how well a prediction can be made from

the independent variable(s) and is a quantitative scale that ranges from 0 to 1, where 0 indicates that the
model fails to accurately predict the data and 1 represents a perfect fit. It is impuortatat that thé&®

value can proportionally increase with the number of independent variables, often without improving the
model 6s predictive cap abRfvaluetisyused dsa mordrépedentatvea s on, t

indicator.

Variable selectin plays a significant role in the accuracy of a regression model. There are various
statistical regression variable selection methods. Based on the most commonly used selection methods,
three selection methods were considered in this gEuget and Graek®lartin 2010, Rahman et al.

2021)

1 Forward selection: The forward selection method starts by building a predictive equation, one
variable at a time. The variable with the highest correlation ttiRhis added bsed on the p
value and thés t a t Tihesprocess then repeats itself until no more variables with significant
correlations can be added to the model.

9 Backward elimination (also known as the backward deletion method): The backward elimination
method ighe forward selection process in reverse. A model that has all the variabld®In an
predictive equation is first generated. The equation variables are then eliminated one at a time,
with the least significant correlated variables eliminated first. pitisess repeats itself until all
the remaining variables are highly correlated with the dependent variable.

1 Stepwise selection method: The stepwise method is a combination of the previous two methods.
The stepwise method is a modified version of the fodveaiection method where a variable is
added, and with each step, a check is perfor me
has been reduced below a tolerance level. If any of the variables fall below the tolerance level,

they are then removed.
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Asar esoublptpl yaoigphvear i abl e sepeevionsimgptthessri bed, t hi
werce e patnedd t h Bhiobdeeslt was sel ected after moelt val i da
adj uRS,t eRIMNEE MBE MAE -sR at i stviacdsuesanadi dped i n identifyi
best model out of the three detviedn pwedr.e Tdeen enoidre | R
RStudi o. R is a language developed for statistica

and graphi cR&Studiot ecani goeegr ated devRComgeamA0R0) envir o

3.7 Results

3.7.1 Regression Analysis IRMlodels Results
I n this sR®dyr,i aab lteost awfeaoef tchoen sd edvhleeRelodpdned st o f
Fourafeemhese waerliaabelde st Bwwetrheea cil almlae € | Rdbndd lded ed f o

devel oywemmeeh Rallh e c 0 n sPt]iP,ydoatsieon,hi ckness, B§AL surface

transverse cracking, longitudinal cracking, other
temperature, annual maxi mum air temperature, aver
mont hly maxtiemupreraat ure, average monthly average ai
precipitation, cumulative temperature index, prec

index, site factor as def i needd bbyy tthhee 22000280 MVEEPFDDES,

anThor ntrhonvas tt wierFer oimn dtehxe. vari ablamsnualstmidni mthme aiamr i
temperature, annual maxi mum air temperature, aver
mont hly maxi mum eaiarg et emomerhdtyuraev,eraawge air temper at
precipitation, cumulative temperature index, prec
index, heat index, andardédhcrcntltywaiehead retdi & toa tcH yi jnrat ke
factor defined by the 2008 MEPDG aaldiswdbszuldamad ef ac
par amEhersairn atloHdesves e sel ectsedt usiving &telmdandtt h e

af orementi oned evdariina btlhees ntoodnesl i sdie sdeehvbechebepdnadeen ts, atr e

t hheRalt c onsPt)]iPuE & Adbgne, surface thickness, transver se
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precipi thadakti openr craskdegi BedalynwdABcatter plots for
variabéepresentetdhénpPApgieadi xeAmodel s were devel oy
fence, and theTihenet atéenpddletdawdeether st pr,esented
foll owed-fhiyt wrficadodlie prr e sRNt ssd RPAURMSeEd, MSE-sh MAEst i cs,
andvapl ue of the model s f or b dhehdjustdRediff&rCimttheRd OL pav
as it considers the number of variables in the model (degrees of freedom). The &ljuated drops as

the numberofinqeendent variables increases, provided that
for the loss of a degree of freed¢Bweet and GraeBlartin 2010)

Table3.21 Relevantmodels statistics ACP and OL pavemettasasetgAnalysis of variance tabje

R? Adjusted R? | RMSE MSE MAE F-statistic p-value
OL - full dataset| 0.58 0.57 0.346 0.120| 0.241 301 | <2.2e16
OL - Outer Fence| 0.59 0.59 0.294 0.086| 0.209 260.6| < 2.2e16
OL - Inner Fence 0.58 0.58 0.190 0.036 0.145 116 | <2.2el6
ACP-full dataset| 0.31 0.30 0.457 0.209| 0.327 51.61| < 2.2el6
ACP1T OuterFence 0.33 0.32 0.384 0.147 0.301 44.93| < 2.2e16
ACP - Inner Fence 0.20 0.19 0.321 0.103 0.263 12.81] < 2.2e16

A review of Tamlluga e3. T einccki datteas etthe@r dwiddeé si anbdett
f e dcaet @aTsherdodel s devel oped using the outefrorf eilce dat
pavementRoiwi ®h5an The ACP model deev edladpaesde R syiineg dtel
of 0.B@&r c.,drmpa rMEIRDE e | using the <Raonie Obla23aset yi el
devel oped ACP model doesmparoend stoanetdhhdmphEFiEGire h h e
modekdes not srhewdladseigtudfaet emoAdeu | édiyman ( Obai dat) and
(20@3%)hoet HeRmodelepoirnt eBdbbhwar i abhdtesdr encluded in ATO
anfdence cadfnont @®desiumielTdare anordedrsi Jd@wled¢ iomamnd Ob Al dat
Shiyabhé&2e0oB8eporRran yianog éfdr a@foH ®wgwesr ,t he only

i ndependent v ar Gierbthatthesemmodelbd are only coreldtedeand do not

consider pavements of different thicknesses and other variables contributing to pavement roughness, such
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as traffic and pavement distress information, the models have very limited applicability and are not

appropriate for model comparison.

The develope®L and ACPIRI models using the outer fence datasets are presented as edBi&tants

3.7, respectively:

"OYO0 ™ @ WOYOrmdip @Y Omdip 20 T8T T 0 X (P "QQ T8t 1T T YFTT G

[ 0100® Q¢ Qitin m p2fOtYd Mt p €M woTdiq ¥y &D1 6 6 Tdrtv 2y Y'Y

T8 T 1T 1T TR0 ) Y (3.6)
OYO ™M Y OYOrmBtnmYplpOmdinme ot 1A TP €A QQMS TT 1T P21

[ OI MOV OB MIMeQYd Ot 'K OOIBIp 1 &N 6 O MWt wTEP Y'Y
MNnEew Y (3.7
WherelRI is given in m/kmAgeis the age of the pavement since construction or since rehabilitation in
years (whichever is smallegurfthickressis the total surface thickness in millimetr&sgAr is the
transverse cracking as a percentage of @t@&rCArrepresents other cracking percentage as a
percentage of areRUTis the 80 percentile rut depth for the section in millimetre (i.e ¥8ére less than
& 20% are greater than the value), &MT is the annual precipitation in millimetre. The remaining

variables were previously defined in the text.
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The developetRimodel s6 rel evant

Visual plots such as the actual vs predicted values plots provide arefreisemta  of t he model

predictive capabilitiegrigure 3.2 presentfi¢ actual vs predicted values pldsthe developed models.

3.5} a) - b) 13
£ sp - 'E
e
7 2.5k ° i . 125
d K, L o B
C_U ® o &008 o ) %@o Oooo% @
> 2r . . ® S 12
o o9 ® @ ®
_15_ 3290% | o oo;boo oo _1':
E ' o oo% o o %o -
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Actual IRI values (m/km) Actual IRI values (m/km)

Figure3.2 - Actual vs PredictetRI values (m/km) for (a) OIIRI model (b) ACARI Model

From the figure, the actual vs predicted values plot for OL pavements appears to fit better as a result of a
more accurate model than the ACP moidiek actual vs predictd®l plots in Figure3.2 could be

examined further through the use of residual plots as it plots the difference between the actual and
predictedRI valuesR e s i d u prdvidepalg@phisal representation of the difference between the

tar get v avedantthegpledicted dalsee Residual plots can be classified into two categories:
random patterns and neandom patterndoints that are randomly dispersed around the horizontal axis
suggest that t hsare apprapeatedhsreas mmndmmppatternsrindicate otherwise

(Sweet and GraeBlartin 2010) The residual plots for both the OL and AB® modds are provided in
Figure3.3. The figure shows the residsahndomly distributed around the horizontal agisj g ge st i ng
that the | mo d e | val i d.

near assumption i s
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Figure3.3 - Residual plots for the (a) ORI model (b) ACARI Model

The impacts of each of the models' variablesRirtanbe examined to provide further insight into the

models' structureéA sensitivity analysis isarried outo provide an understanding of how each of the

independent variables contributes to the mddrlfput. The most common method for visually

presenting the sensitivity analysis results is in the form of a tornado plot, where the independent variables
witht he greatest contribution to the target vari abl
contributors are at the bottom. Using the two develdRédhodels, sensitivity analyses are conducted

and arranged in a tornado plot format in ordedemitify the variables with the most significant effect on
thelRlmodel s6Tbhbet auit shmetic average of the independe!
usedasabase case, and an aver#égeof 1.28 and 1.53 wasomputedor OL and ACP models,

respectivelyAf t er war d, each variableds value was varied
from their mean values, whil e the othe vari abl es

sensitivity analysis plot in the forof a tornado plot for the OL model is presented in Figu4e
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