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Modéles de prédiction de la détérioration des chaussées en 1'absence de données
archives

Abdussalam HEBA

RESUME

La planification stratégique et a long terme d'un systéme de gestion des chaussées (SGC)
repose principalement sur des modeles de prévision de détérioration, pour assurer une gestion
efficace et préventive et pour définir les besoins budgétaires actuels et futurs. Un SGC
comprend de nombreuses activités essentielles au niveau du réseau et des projets. La
modélisation de la détérioration des chaussées est 1'une des activités les plus importantes au
niveau du réseau SGS qui doit étre réalisée de manicre coordonnée avec d'autres activités pour
disposer d'un SGC adapté. Evidemment, l'entretien préventif de la route cotite moins cher que
sa reconstruction apres avoir ét¢ endommagée. Dans de nombreux pays en développement, les
routes sont de plus en plus endommagées en raison du manque d'entretien régulier. Cela
renforce la nécessité de développer un systéme de prévision de la détérioration des routes afin
de déterminer les stratégies d'intervention optimales pour le réseau routier. De plus, I'analyse
de la progression de la détérioration de la chaussée au fil du temps donne un apercu du
comportement fonctionnel de la chaussée pour soutenir efficacement le SGC. En général, les
modeles de détérioration des chaussées peuvent étre développés de maniére déterministe ou
probabiliste. Dans des circonstances normales, la modélisation déterministe de la détérioration
de la chaussée nécessite des mesures régulieres de 1'état de la chaussée au fil du temps.
Cependant, en l'absence de telles informations dans de nombreux cas, comme dans les pays en
développement, une telle méthode ne peut pas étre utilisée, et une alternative consiste a utiliser
la modélisation probabiliste de 1'opinion des experts locaux. Cette recherche présente trois
méthodologies pour prédire et analyser I'état de la chaussée et son évolution lorsque les

données historiques d'indice de chaussée ne sont pas disponibles.

La premiére méthode suggérée est une approche probabiliste de régression linéaire bayésienne

pour développer un mode¢le de performance lorsque les données sur I'historique des chaussées



ne sont pas disponibles. Au lieu de cela, le mode¢le utilise les connaissances d'experts comme
une distribution préalable. A ce titre, des experts qui ont longtemps travaillé avec les
administrations routi¢res et de transport ont été interrogés pour développer une partie des
données d'entrée pour alimenter le modele Bayésien. La distribution a posteriori a été calculée
a l'aide de la fonction d'estimation de la vraisemblance basée sur les inspections de I'état des
routes selon un protocole prédéfini. Dans cette étude, les paramétres du modele ont été estimés
et des intervalles de confiance a 95% et ont été établis autour de ces parameétres estimés. Les
résultats sont des modeles de prédiction de la détérioration des chaussées basés sur un

¢chantillon de quelques inspections sur place en interaction avec des connaissances d'experts.

La deuxieéme méthode est une technique probabiliste pour analyser la progression de la
détérioration de la chaussée au fil du temps afin de permettre une meilleure compréhension du
comportement fonctionnel de la chaussée pour soutenir efficacement le SGC. Le but de cette
méthode est d'étudier et de prévoir les tendances de la détérioration de la chaussée a I'aide d'une
analyse de séries temporelles par moyenne mobile intégrée autorégressive (ARIMA). Les
données utilisées dans cette étude sont l'indice de rugosité international (IRI) qui a été estimé
a l'aide d'inspections visuelles de la chaussée. La pertinence des modéles a été évaluée en
tracant les résidus de la fonction d'auto-corrélation (ACF) et de la fonction d'auto-corrélation
partielle (PACF). Tous les résidus se trouvent dans les bandes, ce qui signifie que tous les
modeles sont appropriés. Les statistiques de Ljung — Box (Q) ont été appliquées a tous les
modeles et les résultats ont montré que tous les coefficients des modeles étaient
significativement différents de zéro. Tous les modéles ajustés sont adéquats car ils ont épousé

toutes les données.

La troisiéme méthode consiste a développer un modéle de prévision de la détérioration pour
anticiper les conditions futures de la chaussée a I'aide du mod¢le de Markov caché (HMM).
Cette ¢tude a expliqué comment estimer la séquence la plus probable des états de la chaussée
qu'une chaussée spécifique va suivre en se détériorant selon 10 étapes de transition. Une base
de données initiale représentant 1'état de la chaussée pour une période de temps donnée est
utilisée dans le processus de développement. Les probabilités de transition et les probabilités

d'émission sont également calculées.



XI

Mots-clés: Systéme de gestion de la chaussée (SGC), régression linéaire bayésienne,
détérioration de la chaussée, indice de rugosité international (IRI), moyenne mobile intégrée
autorégressive (ARIMA), modele de Markov cach¢ (HMM), matrice de transition de
probabilité.






Pavement deterioration prediction models in the absence of archived data

Abdussalam HEBA

ABSTRACT

Strategic and long-term planning in Pavement Management System (PMS) relies mainly on
deterioration prediction models, to ensure efficient and forward-looking management and for
setting present and future budget requirements. PMS consist of many essential network and
project levels activities. Modeling of pavement deterioration is one of the most important PMS
network level activities that must be coordinately executed with other activities to have a
functional PMS. Obviously, preventive maintenance of a pavement is less expensive than
reconstructing it after being deteriorated. In many developing countries, roads face increasing
damage because of the lack of regular maintenance. This reinforces the need to develop a
system to predict the deterioration of roads in order to determine the Optimal Intervention
Strategies (OIS) for the road network. Additionally, analyzing the progression of pavement
deterioration over time enables better understanding for the pavement functional behavior to
efficiently support a PMS. In general, pavement deterioration models can be developed
deterministically or probabilistically. Under normal circumstances, pavement deterministic
deterioration modelling requires regular measurements of the pavement condition over time.
However, in the absence of such information and records in many cases such as in developing
countries, such method cannot be used, and alternative is to use probabilistic modeling. This
research presents three methodologies to predict and analyze pavement condition and its

progression when archived pavement indices data is not available.

First suggested method is a probabilistic approach of Bayesian linear regression to develop a
deterioration model when archived data about pavement history is not available. Instead, the
model uses expert knowledge as a prior distribution. As such, experts who have worked for a
long time with the road and transportation agencies have been interviewed to develop a portion
of the input data to feed the Bayesian model. The posterior distribution was calculated using

the likelihood estimation function based on road condition inspections according to a
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predefined protocol. In this study, model parameters were estimated, and 95% confidence
intervals established around these estimated parameters. The results are forecasting models of
pavement deterioration prediction model based on a mixture of few on-site inspections

interacting with expert knowledge.

Second method is a probabilistic technique to analyze the progression of pavement
deterioration over time to enable better understanding for the pavement functional behavior to
efficiently support a PMS. The aim of this method is to investigate and forecast the trends of
the pavement deterioration using Autoregressive Integrated Moving Average (ARIMA) time
series analysis. Data used in this study is the International Roughness Index (IRI) which was
estimated using visual pavement inspections. Models’ appropriateness are evaluated by
plotting the residuals of Auto Correlation Function ACF and Partial Auto Correlation
Function PACF. All residuals were within the bands which meant that all models are
appropriate. Ljung—Box (Q) statistics was applied for all models and the results showed that

all model coefficients are not significantly different from zero.

The third method was to develop a deterioration prediction model to anticipate future pavement
conditions using a Hidden Markov Model (HMM). This study explained how to estimate the
most likely sequence of pavement condition states that a specific pavement goes through to
failure, using 10 transitioning steps to run the pavement HMM. Viterbi algorithm was used to
compute this sequence of pavement condition states. An initial database representing the
pavement condition for a given period of time is used in the development process. Transition

probabilities and emission probabilities are also calculated.

Keywords: Pavement Management System (PMS), Bayesian linear regression, Pavement
deterioration, International Roughness Index (IRI), Autoregressive Integrated Moving

Average (ARIMA), Hidden Markov Model (HMM), Probability Transition Matrix.
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INTRODUCTION
Context

Under the combination of traffic load, pavement materials, and environment, road pavements
deteriorate gradually, reducing their quality of ride (Shahin, 2005). Pavement performance
models are used to predict pavement deterioration indicators including future condition (Haas,
1994). Pavement deterioration models are a comprehensive term that expresses how pavement
conditions deteriorate under different use circumstances over time (N. Y. Li, Haas, & C Xie,
2011). In addition, pavement performance models must reflect the best possible representation
of pavement deterioration. Thus, they can be used to anticipate pavement future condition as
part of pavement management system (PMS) activities (Shahin, 2005). Prediction models in
PMS, are the milestone for many activities such as: determining the pavement remaining time
of service; predicting best pavement maintenance or rehabilitation intervention strategies;

analyzing the pavement life cycle cost (Amin, 2015).

Pavement performance prediction models can be developed using two methods: deterministic
and probabilistic (Kobayashi, Kaito, & Lethanh, 2012; Ralph, W. Ronald, & Lynne, 2015).
Deterministic models predict a single number for the life of a pavement, its level of distress,
or any other measure of its condition. In contrast, probabilistic models predict a distribution of
such events. There are many probabilistic techniques used to develop pavement performance
models some of them are Bayesians, Markovian and time series analysis and forecasting. Each
technique depends primarily on data availability and quality (Z. Li, 2005). For instance,
Bayesian modeling is considered a proper technique when historical data is insufficient. In this
case, experts’ knowledge is used to recover historical data limitation (Feng Hong & Prozzi,
2006). Hidden Markov Model (HMM) can be used to know the sequence of conditions that a
pavement section has gone through to reach a specific condition. Pavement roughness indices
are equally spaced time-correlated values so their general trend can be investigated and
analyzed. Consequently, prediction model can be developed to forecast future using time series

analysis and forecasting (Lethanh & Adey, 2013).



Many studies using various methods have developed large number of pavement prediction
models. However, most of these methods were based on real archived data.

This research aims to develop a methodology to predict pavement future condition when
historical data on road network sections is insufficient or unavailable. This is the specific
scientific contribution of this research.

In such a situation, probabilistic techniques are considered appropriate and able to
accommodate the limitations of the research data.

Probabilistic and deterministic models require however records of pavement condition indices
which is not available for this study. Because of the lack of archived data and the absence of
any type of pavement performance measurements, three probability approaches were used. To
illustrate the effectiveness of these methods, the Libyan road network was chosen as a case

study.

Research Objectives

The research objectives are:
1. Develop a pavement performance prediction methodology when no data is available
on road condition based solely on local expert interviews.
2. Develop a pavement roughness prediction model based solely on visual observation of
the road condition.
3. Develop a pavement Markovian deterioration model to investigate pavement condition

transitions.

Organization of the Thesis

The thesis is organized as follows. Chapter 1 is the literature review. In this chapter, the general
concept of pavement management systems is discussed, with emphasis and literature review
on pavement prediction models. Additionally, most causes and types of pavement deterioration
are defined. Pavement roughness indices are also defined and discussed. Moreover, the

deterministic and probabilistic pavement prediction models and the techniques and priorities



for selecting the appropriate model according to the type, quality, and availability of the data
are summarized. Bayesian prediction methods, Markov chains, transition matrices, and

Autoregressive Integrated Moving Average time series models are presented.

Chapter 2 presents a methodology to develop new models for various selected pavement
sections to predict their future condition. The predicted future condition of the pavements could
be used in estimating their remaining service life to failure, which will consequently be used
to help find the best ways to intervene in the maintenance and rehabilitation (M&R) activities
for a given network. In this chapter, a Bayesian linear regression is used to come over the lack
of archived data, by replacing it with the knowledge of experts, and use it as the model prior

distribution.

A Markovian prediction model is presented in Chapter 3 and how it is applied in the PMS
network level to predict pavement future condition. In the pavement deterioration process,
pavements go through multiple condition state until they reach the failure state. It is easy to
approximately know when pavements fail and become unusable from their life spin. However,
it is difficult to know the condition states that a specific pavement went through to fail. This
Chapter explains how to estimate the most likely sequence of pavement condition states that a
specific pavement has went through to fail. A 10 transitioning steps were taken to run the
pavement hidden Markov model (HMM). however, it is recommended to use several

transitioning steps that are equal or close to the pavement life spin.

Pavement deterioration model using time series forecasting concept is discussed in Chapter 4.
The aim of this chapter is to investigate the general trend of the International Roughness Index
({RI) and develop a prediction model to forecast the pavement future condition. The research
IRI data is nonstationary, a differencing process is applied to transform the data to stationary
status. The fitted ARIMA model was used to forecast values of the IRI for years from 2021 up
to 2025. The results of the ARIMA analysis showed that the forecasted values of IRI are in an

increasing trend.






CHAPTER 1

LITERATURE REVIEW

1.1 Pavement Management System (PMS)

A Pavement Management System (PMS) is an effective and efficient process of a multiple
activities involved in providing and sustaining pavements in a condition acceptable to the
traveling public at the least life cycle cost (Haas, 1994). A Pavement Management System is
a set ofdefined procedures for  collecting, analyzing, maintaining, and
reporting pavement data, to support the decision makers to reach optimum strategies for

maintaining pavements in serviceable condition over a given period of time for the least cost

(Shahin, 2005).

Pavement Management Svstem Activities

Network Level Project Level
Programming C Database C Design
—_— /\ Systems Q Construction
\/ Maintenance
Budgeting C C Rehabilitation

< >
4
Engineering Analysis
Research-Special Studies

Figure 1.1 Pavement Management System Activities. Taken from Haas (1994, p. 14)



A PMS is designed to provide objective information and useful data for analysis so that road
managers can make more consistent, cost-effective, and defensible decisions related to the
preservation of a pavement network. While a PMS cannot make final decisions, it can provide
the basis for an informed understanding of the possible consequences of alternative decisions

(Haas, 1994).

1.1.1 Pavement Management Systems Components

A PMS consists of several interacting components which are planning, programming, design,
construction, maintenance, and rehabilitation. These components are mainly functioning under

two operational levels: network and project as shown in Fig 1.1.

1.1.1.1 Network level

The main task of network management level is to develop a prioritized program and work
schedule, within overall available budget and legislations constraints. The primary goal of the
pavement management network level is to optimize the cost-benefit ratio for the entire
network. However, this requires coordination with project level decisions. When projects are
already planned before high-level decisions are made, project-level decisions and priorities
may not be consistent with network-level decisions and priorities. This can lead to a suboptimal
system solution that is driven by individual project-level decisions instead of network-level

decisions (Ralph et al., 2015).

In network level, conditional scenarios can be produced quickly and accurately using software
tools. These tools allow the user to adjust top-level budget and policy inputs and then quickly
calculate the resulting network-wide effects because these models are driven by top-level

(network-level) decisions.

Network-level analysis can determine pavement Maintenance and Rehabilitation (M&R)

treatments and costs; these targets can be easily and consistently applied to individual



projects. In order to accomplish the same thing with a project-level approach, network-level
targets need to be provided in advance such that project-level decision can be made with
network-level targets in mind. As a result, broader areas of maintenance, rehabilitation and

reconstruction can be prioritized.

1.1.1.2  Project level

Project level presents the actual physical implementation of the network decisions. All project
level tasks must be consecutive in accordance with the assigned schedule. In contrast with
network level, project level approach requirements are considered less complicated. Project
level needs fewer data and resource requirements, less reliance on feedback for success and
better understanding. Strong communication between network level and project level elevates

the quality of decisions made by management.

1.2 Pavement Deterioration

Pavement deterioration is the process by which distress develop in the pavement under the
combined effects of traffic loading and environmental conditions (refer to Fig, 1.2). The four
major categories of common asphalt pavement surface distresses are: cracking, surface

deformation, disintegration, and surface defects.

There are many possible causes of deterioration in pavements which can vary from one
geographic area to another some of them are: sudden increase in traffic loading especially on
new roads where the design is based on lesser traffic is a major cause of cracking. After
construction of good road, traffic of other roads also shifts to that road. This accelerates the
fatigue failure. Secondly, temperature variation ranging leads to bleeding and cracking. Third,

provision of poor shoulders leads to edge failures (Shahin, 2005).
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Figure 1.2 Typical Pavement Deterioration Curve. Taken from Haas (1994, p. 193)

Forth, provision of poor clayey subgrade results in corrugation at the surface and increase in
unevenness. Fifth, poor drainage conditions especially during rainy seasons, force the water to
enter the pavement from the sides as well as from the top surface. In case of open graded
bituminous layer, this phenomenon becomes more dangerous, and the top layer gets detached
from the lower layers. Sixth, if the temperature of bitumen/bituminous mixes is not maintained
properly, then it also leads to pavement failure. Overheating of bitumen reduces the binding
property of bitumen. If the temperature of bituminous mix has been lowered down, then the

compaction will not be proper leading to longitudinal corrugations (Zumrawi, 2016).

It is clear from the number of possible deteriorations causes and mechanisms that pavement
deterioration is not a straightforward process to measure and monitor. It is therefore necessary
to make sure that measurements and investigations are aimed at finding out the deterioration
causes and the pavement condition in future. In this way maintenance can be targeted. That is
why; one of the most important activities in PMS is to develop pavement performance models
to anticipate the future condition of the pavements. And therefore, road agencies will be able
to a make a proper decision to make an optimum intervention strategy for maintenance or

rehabilitation (Sultan Tarawne & Sarireh, 2013).



1.2.1 Pavement Roughness Indicators

Pavement roughness is generally defined as an expression of irregularities in the pavement
surface that adversely affect the ride quality of a vehicle (and thus the user). Roughness is an
important pavement characteristic because it affects not only ride quality but also vehicle delay
costs, fuel consumption and maintenance costs. Several roughness indices are currently in use
by highway and airport agencies. These indices are based either on pavement surface profile
or on output from a road meter installed in a vehicle. Roughness is typically quantified using

many measurement tools (Michael W. Sayers, Thomas D. Gillespie, & Queiroz, 1986b).

1.2.2 International Roughness Index (IRI)

International Roughness Index was developed in 1986 using the results of the International
Road Roughness Experiment performed in Brazil in 1982 (Michael W. Sayers, Thomas D.
Gillespie, & Queiroz, 1986a). Since then, the IRI has become a well-recognized standard for
the measurement of road roughness (Du, Liu, Wu, & Jiang, 2014).The main advantages of the
IRI are that it is stable over time and transferable throughout the world (Michael W. Sayers et
al., 1986a). The index measures pavement roughness in the wheel paths in terms of the number
of rough meters per kilometer. The most common method uses a laser that is mounted on a
specialized van. The laser is trained on the road surface, like a laser pointer. As the van drives
along a road, the beam jumps unexpectedly at rough patches, just as a laser pointer; these jumps
are measured and used for analysis (Masovi¢ & Hajdin, 2013). The lower the IRI number at a
given speed, the smoother the ride felt by the road user. Moreover, this roughness statistic is
suitable for any road surface type and covers all levels of roughness(Kobayashi et al., 2012).
IRI can be treated as a random variable and therefore it can be described as a probability
distribution (Shahin, 2005). IRI can also be used as a measure of pavement conditions and the
data can be easily shared among researchers. It can also be directly related to vehicle operating
costs (Shahin, 2005). Figure 1.3 shows the IRI range scaling pavement condition from new

pavement to damaged.
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Figure 1.3 IRI Roughness Scale. Taken from Shahin (2005, p. 98)

1.2.2.1 Present Serviceability Rating (PSR)

The PSR of a pavement is a user's judgment of the level of service that a particular pavement
provides at a point in time. In the AASHO Road Test studies, raters were asked to judge present
serviceability in 1 of 5 categories: 4.0 to 5.0, very good; 3.0 to 4.0, good; 2.0 to 3.0, fair; 1.0
to 2.0, poor; or 0.0 to 1.0, very poor (see Fig. 1.4). It was found that the average PSR given by

a panel of raters was reproducible within and among various panels (AASHO, 1962).
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Figure 1.4 Reproduction of an Individual Present Serviceability Rating
Form. Taken from Haas (1994, p. 80)

1.2.2.2  Present Serviceability Index (PSI)

A PSI was defined to be an algebraic function of PSR correlates. Moreover, the PSI concept
incorporated the view that coefficients in the function should be determined through multiple

regression analysis of the form as in Eq. 1.1:

Where Y is an average PSR for a pavement section; X; are PSR correlates; Ag + A1 X; +
A, X, + -+ is a PSI determined by the regression analysis; and E is a discrepancy between the

PSR and the PSI (see Eq. 1.2). In other words,

PSR = PSI+ E (1.2)
Multiple regression procedures were used to find the set of correlates ( X;) that minimized the
sum of E£? and that excluded correlates that did not contribute significantly to the goodness of

fit provided by those correlates that were included (Prozzi & Madanat, 2003).
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Figure 1.5 Concept of pavement performance using Present Serviceability Index
(PSI). Taken from Haas (1994, p. 215)

1.2.3 Pavement Deterioration Causes

There are four major categories of common asphalt pavement surface distresses are:
1.2.3.1 Cracking

Cracks occur directly over the underlying rigid pavement joints. There are several different

types of cracks that can develop on pavements.
e Fatigue Cracking (Alligator cracking)

Fatigue cracking is commonly called alligator cracking. This is a series of interconnected
cracks creating small, irregular shaped pieces of pavement. It is caused by failure of the surface

layer or base due to repeated traffic loading (fatigue). Eventually the cracks lead to
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disintegration of the surface. Alligator cracking is usually associated with base or drainage
problems. Small areas may be fixed with a patch or area repair. Larger areas require
reclamation or reconstruction. Drainage must be carefully examined in all cases (Shiferaw

Wayessa & Abuye, 2019).
e Longitudinal cracking

Longitudinal cracks are long cracks that run parallel to the center line of the roadway. These
may be caused by frost heaving or joint failures or they may be load induced. Understanding
the cause is critical to selecting the proper repair. Multiple parallel cracks may eventually form

from the initial crack (S.S.Adlinge & A.K.Gupta, 2013).

e Transverse cracking

Transverse cracks form at approximately right angles to the centerline of the roadway. They
are regularly spaced and have some of the same causes as longitudinal cracks. Transverse
cracks will initially be widely spaced. They usually begin as hairline or very narrow cracks
and widen with age. If not properly sealed and maintained, secondary or multiple cracks
develop, parallel to the initial crack. The reasons for transverse cracking, and the repairs, are

similar to those for longitudinal cracking (Zumrawi, April 2016).
e Block cracking

Block cracking is an interconnected series of cracks that divides the pavement into irregular
pieces. This is sometimes the result of transverse and longitudinal cracks intersecting. They
can also be due to lack of compaction during construction. Low severity block cracking may

be repaired by a thin wearing course (Reem Alaamri, Rafeeq Kattiparuthi, & Koya, 2017).
e Slippage cracking

Slippage cracks are half-moon shaped cracks with both ends pointed towards the oncoming
vehicles. They are created by the horizontal forces from traffic. They are usually a result of

poor bonding between the asphalt surface layer and the layer below.
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The lack of a tack coat is a prime factor in many cases. (Shiferaw Wayessa & Abuye, 2019).

e Reflective cracking

Reflective cracking occurs when a pavement is overlaid with hot mix asphalt concrete and
cracks reflect up through the new surface. It is called reflective cracking because it reflects the
crack pattern of the pavement structure below. As expected from the name, reflective cracks

are covered over cracks reappearing in the surface (Sultan Tarawne & Sarireh, 2013).

e Edge cracking

Edge cracks typically start as crescent shapes at the edge of the pavement. They will expand
from the edge until they begin to resemble alligator cracking. This type of cracking results
from lack of support of the shoulder due to weak material or excess moisture. They may occur
in a curbed section when subsurface water causes a weakness in the pavement. (S.S.Adlinge

& A.K.Gupta, 2013).

1.2.3.2 Surface Deformation

Pavement deformation is the result of weakness in one or more layers of the pavement that has
experienced movement after construction. The deformation may be accompanied by cracking.
Surface distortions can be a traffic hazard (Haas, 1994). The basic types of surface deformation

arc:

e Rutting

Rutting is the displacement of pavement material that creates channels in the wheel path. Very
severe rutting will hold water in the rut. Rutting is usually a failure in one or more layers in the
pavement. The width of the rut is a sign of which layer has failed. A very narrow rut is usually
a surface failure, while a wide one is indicative of a subgrade failure. Inadequate compaction

can lead to rutting (Zumrawi, April 2016).
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e Corrugation

Corrugation is referred to as wash boarding because the pavement surface has become distorted
like a washboard. The instability of the asphalt concrete surface course may be caused by too
much asphalt cement, too much fine aggregate, or rounded or smooth textured coarse
aggregate. Corrugations usually occur at places where vehicles accelerate or decelerate (Sultan

Tarawne & Sarireh, 2013).
e Shoving

Shoving is also a form of plastic movement in the asphalt concrete surface layer that creates a
localized bulging of the pavement. Locations and causes of shoving are similar to those for

corrugations (S.S.Adlinge & A.K.Gupta, 2013).
e Depressions

Depressions are small, localized bowl-shaped areas that may include cracking. They are
typically caused by localized consolidation or movement of the supporting layers beneath the

surface course due to instability (Sultan Tarawne & Sarireh, 2013).

o Swell

A swell is a localized upward bulge on the pavement surface. Swells are caused by an
expansion of the supporting layers beneath the surface course or the subgrade. The expansion
is typically caused by frost heaving or by moisture. Subgrades with highly plastic clays can

swell in a manner similar to frost heaves (Reem Alaamri et al., 2017).

1.2.3.3 Disintegration
The progressive breaking up of the pavement into small, loose pieces is called disintegration.

If the disintegration is not repaired in its early stages, complete reconstruction of the pavement

may be needed (Shahin, 2005). The two most common types of disintegration are:
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o Potholes

Potholes are bowl-shaped holes like depressions. They are a progressive failure. First, small
fragments of the top layer are dislodged. Over time, the distress will progress downward into
the lower layers of the pavement. Potholes are often located in areas of poor drainage and then
are formed when the pavement disintegrates under traffic loading, due to inadequate strength
in one or more layers of the pavement, usually accompanied by the presence of water

(Shiferaw Wayessa & Abuye, 2019).
e Patches

A patch is defined as a portion of the pavement that has been removed and replaced. Patches
are usually used to repair defects in a pavement or to cover a utility trench. Patch failure can
lead to a more widespread failure of the surrounding pavement (S.S.Adlinge & A.K.Gupta,
2013).

1.2.3.4 Surface Defects

Surface defects are related to problems in the surface layer (Zumrawi, April 2016). The most

common types of surface distress are:

e Raveling

Raveling is the loss of material from the pavement surface. It is a result of insufficient
adhesion between the asphalt cement and the aggregate. Initially, fine aggregate breaks loose
and leave small, rough patches in the surface of the pavement. As the disintegration continues,
larger aggregate breaks loose, leaving rougher surfaces. Raveling can be accelerated by traffic

and freezing weather. Some raveling in chip seals is due to improper construction technique

(Sultan Tarawne & Sarireh, 2013).
e Bleeding

Bleeding is defined as the presence of excess asphalt on the road surface which creates patches

of asphalt cement. Excessive asphalt cement reduces the skid-resistance of a pavement, and it
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can become very slippery when wet, creating a safety hazard. (Shiferaw Wayessa & Abuye,

2019).
e Polishing

Polishing is the wearing of aggregate on the pavement surface due to traffic. It can result in a

dangerous low friction surface. A thin wearing course will repair the surface (Kajner, 1995).

1.3 Pavement Performance Models

A road pavement deteriorates under the combined action of traffic loading and environment,
thus reducing the quality of the ride (Madanat, Karlaftis, & McCarthy, 1997). Models should
be able to quantify the contribution of variables such as strength of pavement materials, traffic,
and environmental conditions that are relevant to pavement deterioration (Ortiz-Garcia,
Costello, & Snaith, 2006). PMS are commonly used to select maintenance strategies that result

in lower project life cycle costs (Haas, 1994; Premkumar & Vavrik).

It is clear from the number of possible deteriorations causes and mechanisms that pavement
deterioration is not a straightforward thing to measure and monitor. Modeling the performance
of pavements is an important activity in pavement management, and many highway agencies
have developed a variety of pavement performance models for use in their pavement
management activities (Lethanh, Adey, & Fernando, 2015). This research presents a
methodology to develop new models for the various pavement families in the Libyan road
network in order to predict the condition of a given area of pavement. The predicted future
condition of the pavements is used in estimating its remaining service life to failure, which will
consequently be used to help find the best ways to intervene in the maintenance and

rehabilitation activities for a given area of the network (N. Li, Haas, & Xie, 1997).

There are mainly two basic kinds of performance models: deterministic and probabilistic
(Kobayashi et al., 2012). The deterministic models predict a single number for the life of a
pavement or its level of distress or any other measure of its condition. In contrast, the

probabilistic models predict a distribution of such events. There are many deterministic models
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some of them are Mechanistic, Empirical-Mechanistic, Polynomial Constrained Least Squares,
and S-Shaped Curve models(T. Hong et al., 2013). In general, probabilistic models include
Bayesian and Markov process models. Bayesian modeling assigns a prior probability
distribution to pavement condition based on experience; it then mixes it with the
experimentation and data collection to predict the future condition (Feng Hong & Prozzi,
2006). Furthermore, Markov models can be used when pavement data is a sequence of
conditions in which the probability of each condition depends only on the state attained in the

previous condition (Z. Li, 2005; Prozzi & Madanat, 2003).
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Figure 1.6 General Pavement Performance Models. Taken from Ningyuan (2014, p. 180-193)

1.3.1 Deterministic Models

Deterministic models are the models in which no randomness is involved in the development
of future states of the system. A deterministic model will thus always produce the same output

from a given starting condition or initial state (Amin, 2015).
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1.3.1.1 Mechanistic Models

Mechanistic Model sis also called regression technique because regression analysis is used to
establish an empirical relationship between two or more variables. Each variable is described
in terms of its mean and variance. Several forms of regression analysis are used, and the
simplest form is linear regression between two variables; the model is described in Eq. 1.3.
Yi=a+pX;+¢ (1.3)
Y is a dependent variable which represents the pavement condition indices. X is explanatory or
independent variable that represents time since last major rehabilitation.€ is the prediction
error. Finally, @ and f are the regression parameters. The estimated value (mean) of ¥; which

is E(Y;) for each value of X;, can be thus determined as shown in Eq 1.4:
E(Y) =Y = a; + BX; (1.4)
Where ¥, &;, and f are respectively the estimations of ¥, @, and . The values of & and f are

determined so as to minimize the sum square of errors of the observed values Y; from their

estimate Y, that is, minimize s is given as in Eq. 1.5.

~12 A 12

S =X -] =XLivi-a-px)] (1.5)
Where n is the number of observed data points. The above method is known as the method of
(least squares). The values of @ and fBare determined by setting the partial derivation of s with

respect to @ and f as follows:

a=Y-px (1.6)
> _ 2Xi=X)(¥;-Y)
P ="sax (1.7)

Where X and Y are the average values of X and Y, respectively. @ is the intercept of the line
that measures the estimated value of ¥ corresponding to a value of X equal to zero. f is the
slope of line that measures the estimated value of Y corresponding to a unit change in the value
of X (N. Balakrishnan, Enrique Castillo, & Sarabia, 2006). Fig. 1.7 shows the regression

concept and how it is possible to prove mathematically that:
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_ o N2 12
(=2 =3, (% - 7)" + XL, (Y - 7)) (1.8)
Y(Y; — Y)? = total sum of squares (SST) (1.9)

(¥ - 7)2 = regression sum of squares (SSR) (1.10)

Z(Yi — 171)2 = error sum of squares (SSE) (1.11)

data point (X;, Y;)
A ’<

Figure 1.7 Regression Line. Taken from Davison (2003, p. 162)

The advantage of fit the regression line can be measured using the coefficient of
determination R? |, which means the proportion of total variation about the meanY , which

explained by regression:

Y 52 _¥)2
R2 — SSR _ Z(Wi=1)? _ B2E(Xi=%) (1.12)

TSST T OXN(vi-7)2 T X(v-7)?
Another important regression parameter to examine is the error term, which is expressed as,
e,=Y, — T (1.13)
Errors (ei) are assumed to be independent normal values with a mean of zero and standard

deviation of 6 which can be computed as:
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o(v, - 1) = |EUE (1.14)

n-2

It is desirable that the value of O'(Yi — )71) be small since it has a significant effect on the
confidence band for prediction. Linear regression analysis can be performed for more than two
variables, and in that case, it is known as (multiple linear regression). It is assumed that the

dependent variable, Y is a linear function of the independent variable, that is,

E(Y) =a+b1X1+b2X2++ann (115)
The estimation of the regression parameters is calculated in way like that for straight-line
regression analysis. Nonlinear regression analysis may be necessary when the relationship

between Y and X is not linear. An example is the relationship between condition and time as

in Fig. 1.8.

PCI

Age (years)

Figure 1.8 Relationship Between Pavement Condition
and Age. Taken from (Haas, p. 203)
A linear relationship may be used, but the model will underestimate the condition during the
early life of the pavement and will overestimate underestimate the condition during the later
part of the pavement life. A nonlinear relationship can be analyzed as a linear model by

transforming the X variable as in Eq. 1.16.

E(Y)=a+ Bf(x) (1.16)

1.3.1.2 Mechanistic-Empirical Model
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A pure mechanistic approach to modelling is applicable only to calculating pavement response
such as strain, stress, and deflection. This response is normally caused by forces created by
traffic, climate, or a combination of the two. Pure mechanistic models for calculating stress
and strain cannot be classified as prediction models. However, the calculated stress and strain
can be used as input (independent variable) to a regression (empirical) prediction model as
presented in the previous section. A prediction model developed using regression technique
with pavement response as the dependent variable is called a mechanistic-empirical model. An

example of a mechanistic-empirical model is that used for predicting asphalt pavement fatigue
life (N).
N =Ax(1/e)B (1.17)

In that prediction model, the strain e produced by wheel loading is calculated mechanistically.

The coefficients 4 and B, however, are determined using regression techniques (Ningyuan Li,

2014).

1.3.1.3  Polynomial Constrained Least Squares

This is one of the most powerful techniques for predicting the change in a variable Y (for
example roughness) as a function of variable X (for example age or traffic). This technique can
be applied as following:

First step, given the observations (X;,Y;) ; i = 1,2, ....,n, a polynomial of a degree n can be

expressed in the following formula.

P(x) = apt+a;x + azx? + -+ a,x" (1.18)
Then, least squares fit is applied on Eq. 1.18, and the desired constraint is met. For example,

when fitting PCI vs. age, it is desirable to ensure that the polynomial slope:

P(x) = a;+2a,x + 3a3x? + -+ + na,x™ ! (1.19)
which is nonpositive at any age (x)=0,1,2,...z when z is the highest age (Davison, 2003).

1.3.1.4 S-Shaped Curve

In 1986 Smith used an S-shaped model for relating PCI to pavement age. The model had the

form:
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PCI = 100 — p/(In(a) — In(AGE))V/F (1.20)

where the “Age” is the Remaining Service Life (RSL) of the pavement and a, £ and p are fixed
coefficients that relate to the curve and pavement conditions as shown in Figs 1.9 (a), 1.9 (b)

and 1.9 (c). These three constants are determined using regression analysis (Amin, 2015).
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Figure 1.9 S-Sharp Curve Constants Control
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1.3.2 Probabilistic Models

Pavement probabilistic models incorporate random variables and probability distributions into
the model of pavement performance. While a pavement deterministic model gives a single
possible outcome value for a pavement performance, a probabilistic model gives a probability
distribution as a solution and then pavement performance can be calculated using the
mathematical expectation. For example, according to (Haas, 2005) IRI can be treated as a

random variable and therefore it can be described as a probability distribution.

1.3.2.1 Bayes Estimation Concept

For district random variables, let A, ... ... Aj, be events that partition a sample space, and let B

be an arbitrary event on that space for which P(B) > 0. Then Bayes’ theorem is

_ P(BlAj)P(4))
[(AAB)_zﬁﬂPwmamm> (1.21)

This reverses the order of conditioning by expressing P (Aj |B) in terms of P(B|Aj) and the

marginal probability P(B) in the denominator. For continuous random variables Y and Z,

_ _f05)r@
@) = ronron (1.22)

f () > 0 is the marginal density, with integration replaced by summation for discrete variables

(Davison, 2008).

e Bayes Inference

To see how Bayes’ theorem is used for inference, suppose that there is a probability
model P(x|0) for data X. Suppose that we can summarize our beliefs about 6 in a prior
density, P(0), constructed separately from the data X. This implies that we think of the

unknown value 0 that underlies our data as the outcome of a random variable whose density
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is P(8), just as our probability model is that the data X are the observed value of a random
variable X with density P(x |0). Once the data have been observed, our beliefs about 6 are
contained in its conditional density given that X = x. Eq. 1.23 is the posterior density for 6
given Xx.

p(x|@)p®) _  P(x|0)P(6)

P(Olx) === = [P(x]0)P(6)as

(1.23)

Note that P (x | 0) is the likelihood for 8 based on y, so that in terms of 8, we have posterior
« prior x likelihood. Frequentist inference treats 6 as an unknown constant, whereas the

Bayesian approach treats it as a random variable (Gatignon, 2010).

Expert > Prior

\ 4

Bayes Posterior

A 4

New Data Likelihood

Figure 1.10 Bayes Theorem General Concept. Taken from Gongdon (2003, p. 1-28)

e Prior Knowledge P(09)

A fundamental feature of the Bayesian approach to statistics is the use of prior information in
addition to the sample data. A proper Bayesian analysis will always incorporate prior
information, which will help to strengthen inferences about the true value of the parameter and
ensure that any relevant information about it is not wasted(Lunn, Thomas, Best, &

Spiegelhalter, 2000).

e Maximum Likelihood Estimation (MLE) P(X|0)

The maximum likelihood estimation (MLE) approach is one of the most important statistical
methodologies for parameter estimation. It is based on the fundamental assumption that the
underlying probability distribution of the observations belongs to a family of distributions
indexed by unknown parameters. The MLE estimator of the unknown parameters is the

maximizer of the likelihood function, corresponding to the probability distribution in the
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family that gives the observations the highest chance of occurrence. The MLE method starts
from the joint probability distribution of the in measured values x4, x5, ..., X,,. For independent
measurements this is given by the product of the individual densities p(x|8) as in Eq.1.24 (N.
Y. Lietal., 2011).

P(X16) = p(x110)p(x;16) ... p(xn|6) = IT57 ' p(x:16) (1.24)

e Posterior Distribution P(0|X)

Posterior expresses what is known about a set of parameters based on both the sample data and
prior information. Bayes theorem works as a mechanism for generating a posterior of any
parameter mixing the prior knowledge with the likelihood. The first iteration production of the
prior knowledge and the MLE will then be divided by P (X)a normalizing factor, to normalize
the distribution. When the posterior distribution P(6]X) is in the same family as the prior
probability distributionP (6), the prior and posterior are then called conjugate distributions.
Non-conjugate prior distributions can make interpretations of posterior inferences more
difficult.

1.3.2.2 Bayes Linear Regression

Parameter estimation is a very important task for the pavement management systems to be used
in prediction models. Nevertheless, historical data to support the developments and updating
of these models are in many cases is either not available or not efficient. These databases are
often inadequate in sample size, noisy, or incomplete. Conventional statistical modeling tools,
such as classical regression analysis, may have limited success in these applications (Kajner,
1995). A promising solution lies in the use of Bayesian regression, which explicitly allows
experts to be used to supplement poor quality. Bayesian regression methodology was adopted
by the Canadian Strategic Highway Research Program (C-SHRP) for the Canadian Long-Term
Pavement Performance (C-LTPP) monitoring program. Nesbit and Sparks (1990) discussed
the complete rationale for employing the Bayesian approach for the C-LTPP program in the
report "Design of Long-Term Pavement Monitoring System for the Canadian Strategic

Highway Research Program."



27

Bayesian linear regression is an approach to linear regression in which the statistical analysis
is undertaken within the context of Bayesian inference. When the regression model
has errors that have a normal distribution, and if a particular form of prior distribution is
assumed, explicit results are available for the posterior probability distributions of the model's

parameters (Gongdon, 2003).

1.3.2.3 Markov Chains Model

Markov chains is a special type discrete-time stochastic process where the state of the system
(for example pavement condition) X;,, at time t + 1depends on the state of the system X; at
some previous time t but does not depend on how the state of the system X, wasobtained. In
mathematical form this can be expressed as:

P(Xeq = JjlXe = 1) (1.25)
Where P is the probability of the state at time ¢ + / being j given that the state at time ¢ was i
, assuming that the probability is independent of time. This assumption is known as the
stationary assumption, and it represents a major limitation for most of the probabilistic models
because it implies that the rate of deterioration of pavements is time independent. Few models
use so called non-homogenous (time dependent) Markov chains to overcome this limitation

(Davison, 2003).

Figure 1.11 Probabilities Transition Between Markov States.
Taken from Wai et al (2006, p. 141-147)
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One of the major challenges facing existing probabilistic models is the difficulty in establishing
the Transition Probability Matrices (TPMs). A TPM is a square n X n matrix wheres is the
number of possible states in the system. The matrix contains the probabilities of transitioning
from state i to state j. The TPM can be established using historical data or subjective opinions
of experienced engineers through individual interviews and questionnaires, which takes

considerable time and expenses.

P11 P12z e P1in
W Pzn (1.26)
Pn1i Pnz2 e Pnn nxn

The deterioration of pavements is affected by several factors some of which are difficult to
observe. Traffic load and environmental conditions change over time and are difficult to
predict. This makes the performance or deterioration of pavements to vary greatly showing
uncertain or random characteristics. Furthermore, uncertainty can arise from the inspection or
measurement process and from inability to quantify the factors that affect the deterioration
process, and to model the true deterioration process of the materials. Thus, pavement
deterioration process shows stochastic characteristics. Probabilistic models attempt to tackle
the stochastic characteristics of the pavement deterioration process. Most of the proposed
probabilistic models are based on Markov process modelling. The pavement performance
deterioration versus age is modeled as a time-independent Markov process as Eq. 1.27

(Kobayashi et al., 2012).

V(t)nxl = V(t - 1)n><1TPMn><n = V(O)nxlTPMrl;xn (1.27)

Where :
V (t)nx1 The predicted condition state matrix at year ¢,
V(0),,x1 is the initial condition state matrix at year 0,

and TPM is the one-step transition probability matrix TPM,,,,
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1.3.2.4 Time Series Models

A time series is a set of observations y;, each one being recorded at a specific time t. While
time series analysis is a term that includes methods of analyzing time series data to extract
meaningful statistics and features of the data. On the other hand, time series forecasting is the
use of a model to predict future values based on previously observed values. There are many
examples of which are time series and some from them are a population of a country measured
at ten-year intervals, stock prices, Sales demand, daily temperatures, and quarterly sales (Peter
J. Brockwell, 2002). A time series in general is supposed to be affected by four main
components, which can be separated from the observed data. These components are trend,

cyclical, seasonal and irregular components (Ratnadip & Agrawal;, 2007).

e Nonstationary and Stationary Data

A stationary time series is one whose statistical properties such as mean, variance,
autocorrelation, etc. are all constant over time. However, in many studies, time series data is
non-stationary data, unpredictable and cannot be modeled or forecasted. The results obtained
by using non-stationary time series may be spurious in that they may indicate a relationship
between two variables where one does not exist. In order to receive consistent, reliable results,
the nonstationary data needs to be transformed into stationary data (Davison, 2003).

A time series is a set of observations y,, each one being recorded at a specific time t. While
time series analysis is a term that includes methods of analyzing time series data to extract
meaningful statistics and features of the data. On the other hand, time series forecasting is the
use of a model to predict future values based on previously observed values. There are many
examples of which are time series and some from them are a population of a country measured
at ten-year intervals, stock prices, Sales demand, daily temperatures, and quarterly sales (Peter
J. Brockwell, 2002). A time series in general is supposed to be affected by four main
components, which can be separated from the observed data. These components are trend,

cyclical, seasonal and irregular components (Ratnadip & Agrawal;, 2007).
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Figure 1.12 Non-stationary and stationary time series data. Taken from Durango
(2007, p. 495)

e Time Series Forecasting

In general, models for time series data can have many forms and represent different stochastic
processes. There are two widely used linear time series models Autoregressive (AR) and
Moving Average (MA) models. The combination of these two models together produces the
Autoregressive Moving Average (ARMA) and Autoregressive Moving Average (ARIMA).
ARMA model is used if the time series data is stationary and If the time series data is non-

stationary, then ARIMA is used (Ratnadip & Agrawal;, 2007).

e Autoregressive Integrated Moving Average (ARIMA)
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ARIMA model is a type of models that expresses a given time series based on its own past
values, that is, its own lags and the lagged forecast errors, so that equation can be used to
forecast future values. In ARIMA models a non-stationary time series is made stationary by
applying finite differencing of the data points (Hunt & Bunker, 2003). An ARIMA model is
characterized by three terms: p, d, q and expressed as ARIMA(p,d,q) where, p is the order of
the AR term q is the order of the MA term d is the number of differencing required to make
the time series stationary. AR model with p lags is expressed as in equation 1.28 where
(®o; -+, P¢—p) are the model constants and y,, is the coefficient for the lagged variable in time
t — p. The moving average models (MA) which represent the possible relationship between
the variable and the residuals from past periods. MA with q lags is expressed as in equation
1.29 where 8, is the coefficient for the lagged error term in time ¢t — p. By combining AR part
which is shown in equation 1 with the MA part in equation 2, ARIMA model is resulted in
equation 1.30.

Ve = Qo+ 9iVe—i + € (1.28)
Ve =u+e— Z?=1 O; €c—i (1.29)
Je=u+ Z?:l QiYe—i T € — Z?:l 9] €t—j (1.30)

Where: u is a constant, Y., @; ¥;_; is the autoregressive terms, and Z?=1 0;€._jis the

moving average terms (Wei, Ju, Liyang, Susan, & Lili, 2019).

1.4 Previous Work on Probabilistic Modeling of Pavement Performance

There are many studies that have used probabilistic models to model pavement performance

and where different probabilistic methods have been used.
1.4.1 Bayesian Models
Bayes linear regression is a powerful tool that combines the classical linear regression with the

Bayes concept to estimate model parameters. It investigates probabilistically the value of each

parameter inference which then produces an accurate estimation. The basic principle of
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Bayesian statistics lies in combining prior probabilities with experimental outcomes to
determine a post-experimental or posterior probability. The posterior distribution expresses
what is known about a set of parameters based on both the sample data and prior knowledge
(Han, Kaito, & Kobayashi, 2014). In pavement management systems, many studies have used
the Bayes linear regression in order to estimate the pavement performance. All these studies
have generally conducted the same steps to develop the estimation models. However, they
were differing in some tiny details in accordance with the road network specifications and data

availability.

In 1995, Canadian Strategic Highway Research Program (CSHRP) has developed a Bayesian
linear regression model to predict the roughness progression of asphalt overlay which was
applicable in central Alberta. Prior knowledge was provided by five pavement engineers from
Alberta Road Agency. Riding Comfort Index (RCI) was selected as an independent variable.
Five dependent variables were selected to be a function of the RCI. These variables are overlay

thickness, age, initial RCI, and cumulative traffic loading (Kajner, 1995).

In a research paper presented by(Feng Hong & Prozzi, 2005), an existing incremental
pavement deterioration model which was fundamentally developed based on data from the
AASHO Road Test, was analyzed and updated. For the prior knowledge, they have suggested
previous research results (Prozzi & Madanat, 2003) to be used as the learned knowledge on
the issue of interest. However, researcher judgement and experience could be used when
reliable data is not available. The dependent variable was the Present Serviceability Index (PSI)

and the independent variables are layer thicknesses, traffic increment, and frost gradient.

(Amador-Jimenez & Mrawira, 2011a, 2011b, 2012) have produced three research papers; the
first paper has introduced a rut depth Bayes regression model which could employ expert
criteria combined with historical knowledge and current observations. Pavement network was
categorized based on road strength under the effect of traffic load accumulations. The model
estimates posterior probabilistic distributions for the regression coefficients of the mechanistic

equation. In their second paper, an International Roughness Index (IRI) deterministic
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performance model was initially developed for the Costa Rica Road network. Then, a
multilevel Bayesian regression model was obtained to anticipate the pavement performance
and calculate the confidence intervals for the model parameters. Eventually, using the Bayesian
model, the pavement strength coefficients were calibrated to local observations. In the last
paper, authors have developed a pavement performance models which were capable of
capturing variability based on adequate time series predictors. The model was designed to
estimate the pavement condition even with missing data with an ability to generate many
deterioration models with no need of classifying the road network to families. IRI was the
independent variable while the pavement age and traffic accumulation load in ESAL are the

dependent variables.

1.4.2 Markovian Models

Markov model is one of the most important probability prediction tools. It has been used in
many research disciplines such as bridge deterioration, speech recognition, bioinformatics, and

asset management.

In pavement management systems, many studies have used Markov model to predict the future
pavement condition. In a study conducted by (N. Li et al., 1997), a Markovian model was
developed to predict asphalt pavement performance. The study aims to overcome the
limitations of the Ontario Pavement Analysis of Costs (OPAC) system which is a deterministic
model. The model main limitation is the existence of uncertainties and variations in pavement
design variables and parameters. Li et al have noticed that it is not accurate to apply
deterministic models to all situations of pavement management. Authors have come out with
a new concept that converts the existed deterministic model to a probabilistic model. The main
idea is to generate a set of time-related non-homogeneous Markovian transition probability
matrices, which is determined by a Monte Carlo simulation. For more accurate results, a
Bayesian technique was used to update the Markovian model whenever new pavement

condition data is captured (N. Li et al., 1997).
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Markov model is recommended when the system states are observable and when it is difficult
to observe all system states, Hidden Markov Model is recommended to predict the future
condition. (Nagaraja, 2006) have introduced a probabilistic methodology to predict bridge
deterioration processes based on Hidden Markov Model (HMM). The transition probabilities to
forecast the deterioration of every bridge component was proposed. The transition progress
between a set of condition states representing the conditions of each bridge component were
defined by using exponential hazard models. Furthermore, based on periodical inspection data,
the maximum likelihood method was proposed to determine the parameters of the exponential
hazard model. Heterogeneous inspection data related to specific structural characteristics and
usage conditions were employed to estimate the deterioration of bridge components in a
disaggregate way. The exponential hazard model proposed by this research permits estimating
Markov transition probabilities for arbitrary time intervals. In addition, the usefulness of the
Markov transition probabilities estimation method proposed by this research was positively
verified through an empirical example applied to steel bridges. The methodology proposed by
this research can be applied to forecast the deterioration not only of steel bridges but also to

other infrastructures if the respective empirical research is accumulated.

(Kobayashi et al., 2012) have adopted Tsuda’s technique to be used in pavement to predict
future transition probabilities based on pavement condition data sets. The authors have proposed
an innovative analytical methodology to forecast the deterioration process of infrastructure
through a hidden Markov model. In the model, selection biases are considered as random
variables. Selection biases are eliminated through the assumption of prior and posterior
distribution in Bayesian estimation. Furthermore, Markov Chain Monte Carlo simulation is
introduced to generate a random sampling population in Bayesian estimation algorithm. Authors
have presented an empirical study on the Japanese national road system. Authors have noticed
that selection biases were existing in the monitoring data especially in states 3 and 4. As a result,
theses selection biases have affected the deterioration prediction model comparing the
estimation results of multi-stage exponential Markov model of the proposed hidden Markov

model.
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To come over the limitation of (Kobayashi et al., 2012) method to predict pavement future
condition, (Lethanh & Adey, 2013) have introduced a methodology when data quality and
quantity are not enough to validate prediction models. They proposed an Exponential Hidden
Markov Model (EHMM) to predict pavement future condition using the pavement condition
transition probabilities. To be able to apply this methodology, Authors have pointed to an
important consideration which is that the physical deterioration of the road is something that
cannot be observed directly, but that can be derived through the evolution over time of one
aspect related to the physical deterioration of the road such as roughness. As a result, the physical
deterioration of the road is a hidden process, and the aspect related to the physical deterioration
of the road is an observable process. To model the deterioration process using a Markov model,
authors have estimated the probability of the process passing between condition states in a period
using the exponential function as a probability distribution. The model was tested using the data
collected on 10237 road sections in the Vietnamese national road network. It was found that the
more the texture depth data available, the closer the deterioration prediction between the multi-

stage exponential Markov model and the proposed hidden Markov model.

1.4.3 Time Series

Time series methodology has not been efficiently used to predict future pavement performance
few studies have been conducted in this context. There are few studies that have applied time
series technique in PMS to analyze and predict future pavement condition. Previous studies in
pavement deterioration prediction models have mainly focused on analyzing time series data
to investigate the pavement condition trend and extract some features from the data. Few
studies have addressed the issue of non-stationary time series data, when forecasting pavement
future condition using time series, it is important to remove non-stationarity from time series

data to get reliable results.

In 2003, Hunt PD and Bunker JM, have introduced a methodology to better understanding of
unbound granular pavement performance by checking out roughness progression, and for the

purpose of modeling the roughness progression to improve roughness prediction approaches



36

using time series evaluation. The project partner road agency's PMS and the available data for
this study gave way to a methodology allowing roughness progression to be investigated using
fund priorities techniques for each 1 km pavement section in a 16,000km road network. The
researchers have combined family group data fitting and site-specific data modelling approaches
to investigate the roughness progression for all targeted road sections. The study was conducted
throughout six steps and started with the data collection. The second step was to establish a
roughness progression trend with time for each road section. Third step is to determine the
masking effect that could be caused by pavement maintenance and affect the roughness
progression. The following step was to determine the best fit over filtered roughness progression
data and establish a Linear Roughness Progression Rate (LRPR) for each road section. Then,
pavement performance scale was defined and was followed by the investigation of the effect of
pavement variables on LRPR. The research results indicated that the prediction of future
roughness would be more accurate when more historical data is available. For road sections, use
of a LRPR estimated based on Annual Average Daily Traffic AADT categories, would appear

to be reliable.

Durango-Cohen has presented in 2007 an integrated framework to address performance
prediction and maintenance optimization for transportation infrastructure facilities. Facility
deterioration was represented as a time series which provides an approach to determine and
estimate performance models. The study illustrated how to use the framework to determine the
effect of inspection technologies on facility life-cycle cost. thus, to help decision makers when
selecting optimal intervention strategy. Based on numerical showcase examples, the author has
explained that merging imprecise technologies can enhance the capabilities of the prediction
process and can result in substantial operational cost savings. This is particularly essential
because highly precise systems tend to be substantially more expensive to look at, especially

when they are very first introduced.

(Amador-Jiménez & Mrawira, 2011) have presented a multi-level Bayesian model to check
mechanistic model parameters using archived data to ensure reliability when estimating

predictions confidence interval. Authors have faced a missing data issue which can affect the
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results of the prediction models. Therefore, to overcome this problem, many methods were
suggested one of them is a time series methodology which was used to establish general trends

and replace them to fill in missing data.

(Wei et al., 2019) have presented an innovative IRI prediction model based on fuzzy-trend time-
series forecasting and particle swarm optimization (PSO) techniques. Pavement performance
database were used for model performance assessment. IRI data was divided into categories
based on granular spaces. additionally, the multifactor interval division method was suggested.
To predict the fuzzy trend of each factor, a second-order fuzzy-trend model and fuzzy-trend
relationship classification method were proposed. The next step was to generate the fuzzy-trend
states for multiple granular spaces depending on various uncertainties. at last, performance
model was optimized using the PSO technique simultaneously with the implementation of IRI
forecasting. The research results indicated that the IRI prediction model has achieved high

accuracy as well as provided detailed explanation of the IRI time series trends.
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2.1 Introduction

This chapter establishes a Bayesian regression method to develop a performance model for
cases when archived pavement data are not available, based on expert knowledge as a prior
distribution. As such, experts who have worked for a long time with the road and transportation
agencies have been interviewed to develop a portion of the input data. Posterior distribution
was calculated using the likelihood estimation function based on road condition inspections
according to the predefined protocol. The results were prediction models of pavement
deterioration based on a mixture of a few onsite inspections interacting with expert knowledge.
This chapter was published in Advances in Civil Engineering Materials (ASTM) International

journal and then has been rewritten to accommodate the continuity context of the thesis.

2.2 Problem Definition

Libya has paid great attention to road projects and has established a public network with a
length of 34,000 kilometers according to the latest engineering standards and specifications,
including 15,000 kilometers of main roads and 18,000 km of secondary and agricultural roads.
Unfortunately, because regular maintenance is not conducted in the absence of any PMS, the

road network is continuously deteriorating, causing direct losses in the road network asset
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value. It is obvious that the road network needs maintenance intervention, which is expected
to take a long time to be completed. To conduct any M&R activities, the road agency needs to
develop prediction models to be used in conjunction with the PMS for implementing cost-
effective pavement management solutions. Because of the lack of archived data and the
absence of any type of pavement performance measurements, a Bayesian probability approach
was used. To illustrate the effectiveness of this method, the Libyan road network was chosen

as a case study.

23 Methodology

Roads deteriorate and their IRI drop gradually over time. This relationship can be represented
using linear regression but, practically, road sections having the same zone, age, load, and soil
strength conditions could still have a different rate of deterioration. Therefore, Bayesian linear
regression is the appropriate technique wherein basic Bayesian philosophy is applied. This is
because Bayesian regression is a probabilistic approach that accounts for variability (refer to
FIG. 2.1). As such, in Bayesian inference, MLE is considered to be point estimation. However,
in Bayesian linear regression, productive probability around each inference of the IRI is

probabilistically investigated.
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Figure 2.1 The Differences Between Linear Regression and Bayesian Linear Regression
Taken from Hong (2006, p. 7)
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Bayes linear regression is the technique that used in the research to anticipate the performance
of a specific road section. It is a way of integrating engineers' experience with the current
available information on road performance. This is done by considering the engineers'
experience as the prior probability distribution and the current pavement condition is the MLE
function. By Bayesian processing, the whole range of the IRI inferential solutions is recovered,
rather than a point estimate and a confidence interval as in classical regression. Moreover,
MLE of the parameters of a Non-Bayesian Regression model or simply a linear regression
model overfits the data, meaning the unknown value for a certain value of independent variable
becomes too precise when calculated. Bayesian Linear Regression overcomes this fact, saying
that there is uncertainty involved by incorporating predictive distribution. The research
methodology has four main stages (see Fig. 2.2), which are as follows: firstly, the experts’
interview, and based on the results of these interviews, the prior probability distribution is
configured. Then, to compute the MLE function, IRI is measured for selected sections of the
road network. Then, the posterior distribution is defined. Finally, compute the predictive

distribution to estimate the IRI.

( ~
Prior distribution MLE . IRI
. IRI Posterior dicti
(Experts (Road sections distribution Pre lictive
interview) inspections) distribution
\

Figure 2.2 Methodology Steps

2.3.1 Pavement Zones and Model Variables

In this study, Libya as a developing country was selected to be a case study, so far Libyan
Road and Transportation Agency (LRTA) does not apply any pavement management system.
As a result, different types of archived data such as pavement performance data are not
available. Libya is in North Africa, so both the Mediterranean Sea and the desert affect its

climate. In the winter, the weather is cool with some rain on the coast and in the drier the desert.
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In the summer, the weather becomes hot and dry, especially in desert. It is therefore appropriate

to divide the pavement areas into two northern and southern zones.

When developing equations that predict pavement conditions, soil and traffic load are often
considered as independent variables. In many cases, they are combined with age as an
independent variable. In this study, 3 loading levels, 3 soil conditions and 2 climate zones
interact with each other and result in 18 pavement families. Each pavement family’s
information is then used to develop Bayesian linear regression prediction, the classification is
as shown in Table 2.1 which provides a summary of the characteristic of 18 families and

codification of 18 associated databases.

Table 2.1 Road Network Zones Interacting with Traffic Loads and Soil Strength

. North Zone South Zone
Soil
Strength Load Level Load Level
L M H L M H
L DS1 DS2 DS3 DS4 DS5 DS6
M DS7 DS8 DS9 DS10 DS11 DS12
H DS13 DS14 DS15 DS16 DS17 DS18

The soil conditions were divided into three categories (low, medium, high). Soil strength is
measured by a penetration test in accordance with the California Bearing Ratio test (CBR)
which evaluates the subgrade strength of roads. Traffic loads are used as a factor that affects
the rate of deterioration of a road surface. Traffic loads are categorized as follows:

e Low: <50 vehicles/day

e  Medium: 50-500 vehicles/day

e High: 500-2000 vehicles/day

In general, these models are network-level deterioration models and not project-level
deterioration models because the characteristics and the properties of the materials are not
presently available in Libya. As a result, IRI relating to time in years is used this study case to

estimate the pavement performance.
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The research data required for IRI estimations has been divided into two main categories. The
first category was extracted from the interviews with the experts. The second category is the
MLE data; this data has been collected using the IRI as part of the road section inspections
process and has been done to measure the road deterioration. The MLE data is extracted and
summarized as pairs of (¢, [RIj) where IRI represents the road section condition and 7 indicates

the time (see Eq. 2.1).

D = ((t1,IRL), ..., (tn, IRL,)) ,0 < t; 20,0 < IRI; < 16 2.1)
Therefore, the IRIjis a model to be conditionally independent given the w vector which will

be the prior distribution (refer to Egs. 2.2, 2.3).

IR~N(w™t;, a™'),a >0 (2.2)
w~N(0,b7 1), b>0,w = (wy, ..., wy) (2.3)

Where a = = is the precision factor, b is the covariance matrix; a and b are known, and wis a
g

parameter vector with a Gaussian multivariate density.

2.3.2 Experts’ Knowledge and Prior Probability Distribution

The Bayesian statistical approach combines prior knowledge (experience) with field data. In
highway engineering, new models are continually needed to better predict pavement
performance or to run various PMS; however, it takes much time and expense to gather data
about pavement performance (N. Y. Li et al., 2011). In such situations, the Bayesian approach
is useful in short circuiting the data collection cycle. After gathering some data, which may not
be sufficient to support meaningful classical regression, one can collect some expert judgment
and combine the two sources of information into a relatively robust regression model. The

expert judgment serves to bridge the gaps in field data (Z. Li, 2005)

It is obvious that a lot of valuable information can be obtained from people who have observed
pavement performance throughout their careers. This professional and field staffs know what
variables are contributing to pavement performance. They understand the functional relations

of the variables. Their impressions on these relationships can be encoded and when combined
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with field data, these impressions can have profound impacts on the resulting posterior models.
That is why; initial data has been collected by interviewing Libyan experts who have worked
for many years on the development of the Libyan road network. Six engineers were
interviewed using a standardized, open-ended interview technique (see APPENDIX I). The
experts’ interview data was combined by taking the average of all experts' opinions for each

pavement family.

An analysis of variance was done before combining the experts’ knowledge; this ensures that
all experts’ priors are consistent. From Fig. 2.3 and Table 2.2, there is no significant evidence
to show that there is a difference in group means. As a result, the experts’ opinions were

considerably compatible; this means that all of the experts’ knowledge about the roughness
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Figure 2.3 ANOVA Experts' Opinions Comparison

Table 2.2 ANOVA Differences Between the Means of Experts’ Opinions

Source of Variation SS df MS F P-value F crit
Between Groups 42.79 5 8.56 186.57 1.17E-49 2.30
Within Groups 4.68 102 0.05
Total 47.47 107
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After that, an inspection of representative road sections from each the 18 families were

conducted in Libya. The road deterioration was measured by the IRI on a subjective basis.

2.3.3 IRI Maximum Likelihood Estimation (MLE)

Given data D = (IRl ....,IRI,,) where D represents a sample from the [R[ statistical

population that has been collected from road section inspections. Then, the MLE is computed

using Eq. 2.4:
P(D|w) exp(—%(IRI — Aw)T(IRI — Aw)) (24)
Where A is the design matrix and IRI is a value that we are going to predict, in a column
vector form.
- t{ -
A=|: ¢ i],IRI=(RI,.... IRL)T (2.5)
— tr7lw —

2.34 IRI Posterior Distribution

From the classical Bayesian definition, the posterior is proportional with the prior
P(w|D) x P(D|w)P(w) (2.6)
After that, we replace the MLE expression in the posterior; this is shown in equation 2.7.
P(w|D) o exp(—5 (IRI — Aw)T (IRI — Aw) — ngW 2.7)
With a little calculus we can express w in the form of a Gaussian distribution and call it a

precision matrix:

P(w|D) = N(w|u,A™Y) Where u = aN *ATiri; A= aATA+ bl (2.8)

That shows us the MLE estimations of w, which are:

WMLE == (ATA)_lATiTi (2.9)
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2.3.5 Predictive Distribution

The predictive distribution is the conditional distribution of unobserved observations
(prediction) given the collected data. Our unobserved observation is the expert interview data;
and the collected data is the data collected from road condition inspections, which can be

expressed, in the following format:

P(iri|t,D) = [ P(iri|t,w)(w|t, D)dw (2.10)

= [ N(irilwTt,a)N(w|u, A~ )dw (2.11)

x [ exp(— % (iri — th)zexp(—%(w —wWTA(w — w)dw (2.12)
This formula is then factored and put in a quadratic form as a function of w in a formula similar
to the following general expression: [ N(w]| ... ... )g(iri)dw and then, since g(iri) is not
dependent on w, it comes out of the integral and [ N(w| ... ... )dw integrates to 1. After several

algebraic steps, finalization of the predictive distribution is as in Eq. 2.13:

P(iri|t,D) = N (iri|u, l) whereu = uTt and *=1+tTA 1t (2.13)

A A a
Finally, using mathematical expectation and equation 2.13 in all road section families, IRI will
be estimated depending on iri which is the expert interview data, ¢ which is the time

corresponding with road conditions, and D which is the data collected from road inspections.

2.3.6 Model Implementation

This section consists of all required steps to apply the Bayes regression on the collected data.
The model has 1000 iterations using a combined prior to present all expert knowledge encoded
in one model for each pavement family. A combined prior was selected to develop a single

model for each pavement family.

WinBUGS was chosen as a programming platform; this is free software available from the
Biostatistics Unit of the Medical Research Council in the UK (Jongsawat & Premchaiswadi,
2010). The WinBUGS program consists of three parts, all of which can be placed into a single

file or as three separate files. The first part is the main program that is a string of computer



47

code that lets WinBUGS know what the prior and likelihood of the model is. The second part
is the data set that can be entered using matrixes in the same program or can be called from a
file. The last part is the initial values that are used to start the algorithm. To estimate the
parameters in Bayesian analysis, the prior distribution is multiplied by the likelihood; samples

are then taken from the posterior distributions via an iterative Markov Chain Monte Carlo

(MCMC) algorithm (Davison, 2008).

24 Model Results

The model combines data taken from the road condition inspections in accordance with a pre-
established protocol and prior knowledge of the six experts who participated in the
interviews. Once the model, the data, and the initial values have been specified, the program
will be ready to be compiled and to run the MCMC algorithm. WinBUGS offers a Sample

Monitor Tool panel which consists of several task icons as shown in Fig 2.4.

:;_: Sample Monitor Tool Iéj

node |x j i |-|_ bo |1_ percentiles
5
beg |1 end (1000000 yin |1 0
25
higtor densit
y | _densty | [
. 30
stats | coda | quantlles| I:.grdiag| auta |:|:|r| 95

Figure 2.4 Sample Monitor Tool

One of these tools is the stats tool; this gives a zoomed-out view of the entire posterior
summary for the Bayes linear regression parameters, as illustrates in Table 2.3 which
represents the first pavement family. Complete parameters estimation results are summarized

and shown in the Tables (2.4, 2.5).



48

Table 2.3 1% Pavement Family Posterior Summary

Node | M1 sd, MCerror | 2.5% | Median | 97.5% | Start | Sample
ay 0.7039 | 0.1896 0.01671 0.4934 0.6965 0.885 1 1000
B4 0.2850 | 0.01372 0.001211 0.2720 0.2857 0.3014 1 1000
7, 29.71 9.722 0.3757 12.81 28.91 51.02 1 1000
Table 2.4 North Zone Parameters Estimations
North Zone Pavement families
Parameters 1 2 3 4 5 6 7 8 9
a; 0.7039 | 0.7505 | 0.7505 | 0.5845 | 0914 | 0.7714 | 0.9021 1.132 | 0.7431
Bi 0.2850 | 0.3665 | 0.3665 | 03719 | 03154 | 03415 | 03167 | 0.3086 | 0.3627
T; 29.71 9.243 9.243 14.09 16.46 10.29 17.1 16.09 9.543
Table 2.5 South Zone Parameters Estimations
South Zone Pavement families
Parameters 10 11 12 13 14 15 16 17 18
a; 0.7489 | 0.7505 | 0.7622 | 0.7658 | 0.7741 | 0.7806 | 0.7851 0.7868 | 0.7945
Bi 03644 | 03665 | 03719 | 03751 | 03783 | 0.3808 | 0.3822 | 0.3853 | 0.3882
T; 9.306 9.243 9.197 8.846 8.653 8.672 8.448 8.568 8.383

As a result of the Bayesian analysis, IRI predictive posterior models for the first pavement

family were developed. The models have one independent variable, and the predictive

posterior equation is, as shown in equation 2.14 where a, f are the estimated parameters and ¢

represents time in years.
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(2.14)

Fig. 2.5 shows the MCMC behavior, where the chain appears to be moving around readily.

This behavior is called the dynamic trace because it will be continuously refreshed in real time

if the model is updated.
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Figure 2.5 Parameter Outputs Dynamic Trace

The probability distribution densities of the parameters are displayed and summarized, as

shown in Fig. 2.6.

Figure 2.6 Model Parameters Posterior Densities
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The basic analysis of the MCMC output is obtained by checking the convergence of the chain

and the autocorrelation as respectively show in Fig. 2.7 and 2.8.
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Fig. 2.9 illustrates the moving averages of the mean and the 95% credibility interval; all

parameters appear stable over the course of the run.
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Figure 2.9 Parameters Running Quantiles

The parameters posterior estimation and the 95% parameters credibility intervals are
summarized in Tables 2.6, 2.7 and Fig 2.10 illustrate a simple comparison between the

estimated parameters for all 18 pave families.
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Table 2.6 a Parameters Model Result Summary

ai 95% Credibility Posterior Mean MLE
Interval
1 (0.42,1.10) 0.7505 0.7387
2 (0.32,0.88) 0.6068 0.5937
3 (0.31,0.83) 0.5767 0.5683
4 (0.31,0.83) 0.5845 0.5714
5 (0.36,0.40) 0.9140 0.9043
6 (0.46,1.10) 0.7609 0.7609
7 (0.66,1.10) 0.9021 0.8922
8 (0.88,1.40) 1.1300 1.1200
9 (0.40,1.00) 0.7431 0.7328
10 (0.42,1.10) 0.7489 0.7349
11 (0.42,1.10) 0.7505 0.7387
12 (0.43,1.07) 0.7622 0.7504
13 (0.43,1.10) 0.7658 0.7534
14 (0.44,1.10) 0.7741 0.7638
15 (0.42,1.10) 0.7809 0.7690
16 (0.42,1.10) 0.7851 0.7715
17 (0.45,1.10) 0.7868 0.7728
18 (0.46,1.12) 0.7945 0.7803

Table 2.7 p Parameters Model Result Summary

pi 95% Credibility Posterior Mean MLE
Interval
1 (0.34,0.30) 0. 3665 0.3673
2 (0.35,0.39) 0.3676 0.3685
3 (0.35,0.39) 0.3719 0.3728
4 (0.35,0.39) 0.3719 0.3728
5 (0.30,0.34) 0.3154 0.3161
6 (0.32,0.37) 0.3415 0.3423
7 (0.30,0.34) 0.3176 0.3176
8 (0.29,0.33) 0.3086 0.3285
9 (0.31,0.37) 0.3627 0.3635
10 (0.34,0.40) 0.3644 0.3654
11 (0.34,0.39) 0.3665 0.3673
12 (0.35,0.40) 0.3719 0.3983
13 (0.35,0.40) 0.3751 0.376
14 (0.35,0.41) 0.3783 0.3792
15 (0.31,0.41) 0.3808 0.3817
16 (0.36,0.41) 0.3822 0.3834
17 (0.36,0.41) 0.3853 0.3863
18 (0.37,0.41) 0.3882 0.3892
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IRI Models Parameters
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Figure 2.10 Pavement families Model Parameters Estimations

2.5 Conclusions

This chapter has shown how the Bayesian linear regression model provides a more reliable
framework for predicting when historical data is not available. The linear regression model is
implemented within the constraints of Bayes’ inference theory, in order to investigate the

parameters estimation errors probabilistically.

The chapter consists of three main steps: interviewing pavement experts to determine the prior
probability distribution of the; measuring the current road deterioration using IRI on selected
samples from the road network. These first two steps can be done in parallel which save more
time in the research. This followed by the posterior probability distribution calculation and
thereafter the predictive distribution is calculated. The result is the linear regression of Bayes
consisting of two parameters a and f. The model is expressed as iri; = a; + fit;. In
addition, the credibility intervals for the model parameters were obtained for all pavement
families as shown in the Tables 2.4 and 2.5 with the parameter estimates; this increases the
reliability of the estimation range for the posterior probability distribution, as shown in Tables

2.6 and 2.7.

The use of this technique is recommended when developing a pavement performance model

in the absence of historical data. Moreover, this method is not limited to a particular road
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network but applies to any road network when conditions are similar, especially in developing
countries. The main limitations of this method are the lack of archived data, which results in
relying on a methodology that adapts interviews with experts to overcome this issue. The
formulation of the interview questions is considered a difficult and time consumption process.
In addition, because of the lack of archived data, the authors divided the road network into 18
pavement families based on geographical location, traffic load and soil strength; this meant
that 18 models were developed, which were sometimes impractical and often much more work

1s needed.

The recommendation of future work is proposing new variables for the model such as those
related to the characteristics and the properties of the materials. The characteristics and
properties of the materials are now not available. Once these variables are available, the

predictive model will be more accurate and informative.
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3.1 Introduction

PMS consists of many essential network and project levels activities. Modeling of pavement
deterioration or performance is one of the most important PMS network level activities that
must be coordinately executed with other activities to have a proper PMS. Obviously,
preventive maintenance of pavement is less expensive than reconstructing it after being
deteriorated. Pavement deterioration models enable decision makers to optimally intervene in
the pavement preventive maintenance tasks. However, analyzing the progression of pavement
deterioration over time enables better understanding for the pavement functional behavior to
efficiently support PMS. This chapter aims to investigate and forecast the trends of the
pavement deterioration using Autoregressive Integrated Moving Average (ARIMA) time
series analysis. This chapter was submitted to Advances in Civil Engineering Materials
(ASTM) International journal and then has been rewritten to accommodate the continuity

context of the thesis.

3.2 Problem Definition

The problem of this research is the lack of historical data that represents pavement condition

and to overcome this problem, a method has been proposed to visually assess the pavement
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condition. IRI for all selected road sections were visually measured based on information
extracted from Google Street view. Analyzing pavement condition general trend and
understanding its behavior would support decision makers to determine when and how to
intervein to improve the pavement condition with the consideration of allocated budgets. In
this chapter, 18 pavement families road sections in two geographical zones (north and zone)
were selected from the Libyan National Road Network. Pavement roughness indices are
equally spaced time-correlated values so their general trend can be investigated and analyzed.
Consequently, prediction model can be developed to forecast future using time series analysis

and forecasting (Lethanh & Adey, 2013).
33 Methodology

Time series is an important prediction tool when data points indexed in time order. As
mentioned above, IR/ is a sequence taken at successive equally spaced points in time as shown
below.

IRl = {IRI.:t € T} (3.1)
Therefore, time series analysis can be used to investigate the /R/ general trend and forecast its
future changes (Hunt & Bunker, 2003). However, there are few technical conditions that must
be available in the /R data. IRI data must be stationary which means the /R/ mean must be
constant regarding to time and the variance and covariance should be equal at different time

intervals from the mean as shown in Egs. 3.1 and 3.2 (Wei et al., 2019).

VAR(IRI) = E(IRI?) —E(IR)) > = 0%, Vi;i=12,.....,n (3.2)
COV(IRI,t) = E(IRI; * t;) — EURI)E(t;) = 0f;¢,Vi;i=12, ..., (3.3)

If the /RI data is nonstationary, a differencing of the /R/ data can be applied to convert the data
to stationary case. The aim of this study is to investigate the general trend of the /R/ and

develop a prediction model to forecast the pavement future condition.

3.3.1 Autoregressive Integrated Moving Average (ARIMA)

When data is nonstationary, it is preferable to use Autoregressive Integrated Moving Average

(ARIMA) time series model. This method combines two models integrated together. The first
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part is the autoregressive (AR) models where a lag property must be available. Lag means each
variable value in specific period is related to its variable values in the past periods. AR model
with p lags is expressed as in Eq. 3.4 where (@y, ...., ¢¢—p) are the model constants and IRI,

is the coefficient for the lagged variable in time t — p (Ratnadip & Agrawal;, 2007).

IRI; = @+ X0 @i IRL,_; + € (3.4)
The following part is the moving average models (MA) which represent the possible
relationship between the variable and the residuals from past periods. MA with g lags is

expressed as in Eq. 3.5 where 6, is the coefficient for the lagged error term in time t — p.

IRl = p+ € —Y]_ 0 € (3.5)

A differencing process is applied to transform the data to stationary status when IR[ data is
nonstationary. A differenced variable, AIRI; is a common method used to avoid this situation.
First order difference is as in Eq. 3.6. When the first difference produces a stationary process,

the variable IRI, is integrated of order one.

AIRI, = IRI, — IRI,_, (3.6)

3.3.2 ARIMA Model Order

An ARIMA model is defined by 3 terms: p, d, ¢ where, p is the order of the AR term, ¢ is the
order of the MA term, and d is the number of differences needed for stationary time series(Peter
J. Brockwell, 2002). By combining AR part which is shown in Eq. 3.4 with the MA part in Eq.
3.5, ARIMA model is resulted in Eq. 3.7.

—_

IRIy = p+ @y + Z?:l @i IRl + € — Z?=1 0; €t (3.7)
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IRI Data Differencing
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ARIMA Analysis
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Figure 3.1 ARIMA Model Procedure. Taken from Peter (2002, p. 179-219).

Analyzing pavement condition general trend and understanding its behavior would support
decision makers to determine when and how to intervein to improve the pavement condition
with the consideration of allocated budgets. In this study, 18 Pavement families road sections
in two geographical zones (north and zone) were selected from the Libyan National Road

Network.

For the period from June 2010 to June 2020 on a semi-annual basis, IRI were recorded each
six months for all selected pavement families. The data gathered were used to predict future
IRIs before any road maintenance intervention was conducted. The IRI data is interpreted as
time series data so that some important principles of analysis of time series can be applied. In
this chapter, ARIMA model was applied for all pavement families. IRI time series data for
three selected pavement families are presented in Fig. 3.2 below. From these figures, all
pavement families data sets of IRI time series data were nonstationary. As a result, all IRI data
sets were differenced in one order to make all time series data stationary. In this study all

models order, and parameters were estimated and reported using SPSS ARIMA procedure.
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Figure 3.2 1% and 13" Pavement families IRI Correlating with Time (Jun 2010 - Jun 2020)
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3.3.2.1 Autocorrelation Function (ACF) and Partial Autocorrelation (PACF)

The model p and g values were determined based on the Autocorrelation Function (ACF) and
Partial Autocorrelation (PACF) coefficients. ACF refers to how time series data is compared
with its previous values by investigating the indirect effect. However, PACF investigates the
direct effect. ACF and PACF theoretical models show how to know model's p order. In all
pavement families IRI values, ACFs were timing out to zero and PACFs had cut off at value
1. Consequently, in this situation, it is recommended to assign 1 for the AR model which means
p=1. Fig. 3.3 shows that ACF is timing out to zero quickly which indicates that IRI data for all

pavement families were significantly correlated (Durango-Cohen, 2007).

PACEF gives the partial association of a time series with its own lagged observations, adjusting
time series observations at all shorter lags. It is unlike the role of autocorrelation (no power for
other lags). Fig. 3.4 displays the plots of residual PACF for each estimated model for the
selected pavement families, the number of delays exceeding 0.5 was 1, and this indicates that
p arrangement can be 1.

There were many ARIMA models which might be suggested to represent the data depending
on the normalized Bayesian Information Criterion (BIC) values. The most fitted model was
with the smallest normalized BIC value. Then the most suitable ARIMA models for all

pavement families were with the order (1,1,0) since all their BIC were small.
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3.4 Models Results
Having tentatively established what would seem acceptable models, the next step was to obtain
the least square estimation of the model parameters using SPSS to fit the IRI data to the models.

That imply the following equation of evolution for the 18" pavement families models:
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IRl;f = ar + BfIRl; 15 +ep; f=12,..18 (3.8)
Equation 3.8 is the /RI estimation model that represents the 18 pavement families. IRI; ; can
be defined as the estimated value of /R/ in year ¢ for the pavement family . Each pavement
family has two parameters which are a; and Bf with e, error estimation. The order of all
ARIMA(p,d,q) models were shown in Table 3.1. Model fit statistics: stationary R squared, and
R squared were shown in Table 3.1. R squared is the /RI model regression coefficient
determination which is the proportion of variance described by the model in the target variable.
The value of R squared is ranging between 0 and 1. Small values indicate that the model does
not fit the data well. To illustrate, first pavement model R squared value is 0.996 therefore, the

model is suitable for representing the first pavement family data.

Table 3.1 shows also the Ljung-Box test which investigates the lack of fit of the IRI time series
model. The test was applied to the residuals of the 7R/ time series after fitting the ARIMA
model to the IR/ data. The test examines m residuals autocorrelations, if the autocorrelations

are very small, this indicates the model does not exhibit significant lack of fit.

The Ljung-Box statistics value is 19.38 for 17 d.f and P-value equal 0.31 which means the /R/
model is significantly different from zero as shown in Table 3.1. Thus, the hypothesis was
accepted, and this meant that the model is adequate as it absorbed all information about the IRI
data. Table 3.1 shows that all models are suitable for representation the other pavement

families models depending on Ljung-Box test.



64

Table 3.1 pavement families IRI Models Orders and Statistics

Pavements Model Fit statistics Ljung—Box Q(18)

BIC | Stationary R-S | R-squared | Statistics DF Sig.
1 -2.962 0.035 0.996 19.379 17 0.307
2 -2.462 0.161 0.994 12.898 17 0.743
3 -1.930 0.022 0.991 15.426 17 0.565
4 -2.131 4.39E-5 0.995 11.081 17 0.852
5 -3.087 0.187 0.997 9.192 17 0.934
6 -2.564 0.272 0.998 18.549 17 0.355
7 -2.837 0.004 0.997 11.403 17 0.835
8 -1.965 0.003 0.994 21.249 17 0.215
9 -3.025 0.017 0.997 9.969 17 0.905
10 -2.317 0.083 0.994 18.444 17 0.361
11 -2.292 0.202 0.995 10.007 17 0.903
12 -3.484 0.051 0.998 25.492 17 0.084
13 -4.145 0.128 0.999 15311 17 0.573
14 -3.222 0.05 0.997 25.282 17 0.089
15 -3.398 0.058 0.997 21.778 17 0.193
16 -3.511 0.284 0.998 16.228 17 0.508
17 -3.652 0.024 0.998 11.566 17 0.826
18 -3.126 0.000 0.997 8.008 17 0.966

Table 3.2 illustrates the models’ parameters estimations, In the 1% pavement families model,
p-value of the model constant was a; = 0.514 and the coefficient of AR was (; =-0.209. The
values of the Standard Errors (SE) of the model constant and AR parameter were 0.037 and
0.265, respectively. The t-value for the parameter a; was 14.016 and -0.789 for the ;. They
were significantly different as their p-values were (0.000 and 0.440) for the model constant

and AR at lag 1, respectively. Then, the 1°' pavement family IRI model will be as follows:

IRl,; = 0.514 — 0.209IRI,_1, + e; (3.9
Where I/R\It_l is the predicted value of IRI at time ¢, IRI;_4 is the value of /R at the previous

year, and e; is the estimation error at year ¢.
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Table 3.2 Pavement families IRl ARIMA Models Parameters

Pavements Constants AR Lagl

Estimation SE t Sig. Estimation SE t Sig.
1 0.514 0.037 14.016 | 0.000 -0.209 0.265 | -0.789 | 0.440
2 0.546 0.041 13.419 | 0.000 -0.398 0215 | -1.850 | 0.081
3 0.580 0.064 9.067 0.000 -0.153 0234 | -0.653 | 0.522
4 0.128 0.014 9.067 0.000 -0.007 0.248 | -0.028 | 0.978
5 0.622 0.090 6.932 0.000 0.579 0.197 2.939 0.009
6 0.684 0.036 19.024 | 0.000 -0.480 0.204 | -2.353 | 0.030
7 0.638 0.044 14.557 | 0.000 -0.067 0.238 | -0.282 | 0.781
8 0.670 0.076 8.778 0.000 0.059 0.236 0.251 0.805
9 0.580 0.038 15.441 | 0.000 -0.135 0233 | -0.579 | 0.570
10 0.531 0.048 11.154 | 0.000 -0.282 0.226 | -1.251 | 0.227
11 0.626 0.042 15.080 | 0.000 -0.485 0.219 | -2.214 | 0.040
12 0.566 0.024 24.098 | 0.000 -0.413 0.228 | -1.811 | 0.087
13 0.511 0.038 13.331 | 0.000 0.390 0.225 1.730 0.101
14 0.542 0.039 14.028 | 0.000 0.004 0.243 0.015 0.988
15 0.509 0.046 11.077 | 0.000 0.247 0.231 1.067 0.300
16 0.498 0.068 7.328 0.000 0.539 .199 2.701 0.015
17 0.472 0.026 17.988 | 0.000 -0.198 0276 | -0.715 | 0.484
18 0.598 0.040 15.033 | 0.000 -0.014 0.238 | -0.061 | 0.952

3.4.1 Diagnostic Checking of the Model

To evaluate the appropriateness of all models, the residuals ACF and PACF were plotted. If
the residuals are not within the bands, then there are some correlations, and the model should
be improved. Fig. 3.5 shows ACF and PACEF residuals for IRIs in the selected pavement
families. Generally, if those plots are in the UCL and LCL band, then the residuals are random,
and the model is suitable. All plots are clearly within the UCL and LCL bands as shown in Fig.
3.6. This means that the residuals are random and not correlated, which is an indication that
the parameters of the model are appropriate for that data. Moreover, all models Ljung — Box
(Q) statistics for testing of the residual are greater than their P-values which means that all

models were not significantly different from zero as in Table 3.1. As a result, the null
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hypothesis of white noise was accepted, and this meant that all models fitted are adequate as

they absorbed all information of the data.
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Figure 3.5 1%t and 13" Pavement families IRI ACF and PACF Residuals
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After the most appropriate /RI models were identified, forecasting the /R/ and investigating its

trend were the following steps. Table 3.3 and Fig. 3.6 illustrate the results of the /R/ forecasts
using ARIMA (1,1,0) model for years from December 2021 to December 2023. All estimated

IRI values were located between their 95% Upper Confident Level (UCL) and Lower
Confident Level (LCL). For instance, and form Table 3.3, Dec 2021 /Rl 95% estimation

confident interval for 1% pavement family can be expressed as in inequality 3.10.

11.39 < [Rlygy14 < 12.21

(3.10)

This means the first pavement family IRI forecasted value was between [11.39,12.21] with a

probability of 95%. The forecasted values of all pavement families and their associated 95 %

confidence limits are shown below in Table 3.3 for the IRI time series data.

Table 3.3 1% to 18™ Pavement families IRI Forecast Results from June 2021-June 2023

o IRI in 5 years estimated values

E é Dee 2021 Jun 2021 Dec 2022 Tun 2022 Dec 2023

¢ E* UCL || E-value | LUL UCL | E-value | LUL UCL | E-value | LUL UCL | E-value | LUL UCL || E-value || LUL
1 1221 | 1180 | 1139 | 1285 | 1233 | 1181 | 1347 | 1284 | 1221\ 1407 | 1336 | 1264 | 1466 | 1387 | 13.08
2 1323 1272 | 1220 1390 | 1328 | 1267 | 14533 | 1382 | 1309 | 1419 | 1437 | 1355 15382 | 1491 14.01
3 14.40 1371 1302 | 1519 | 1429 | 1339 1539 | 1487 | 1379 || 1669 | 1543 | 1421 | 1740 | 1603 | 1466
4 1754 | 1692 1630 || 1836 | 1781 1666 | 1950 | 1830 1710 | 2041 19.00 1759 | 2129 | 1970 181
5 1379 1542 | 1504 | 1682 | 1611 | 1541 | 1778 | 1878 [ 1377 | 1870 | 1742 | 1614 | 1939 | 1806 | 1833
4 1697 | 1648 | 15398 1771 1716 | 1660 | 1831 | 1784 [ 1718 || 1926 | 1833 | 1779 ( 2002 | 1921 18.40
7 1593 | 1552 | 1508 | 1675 | 1613 | 1556 1752 | 1679 | 1607 | 1826 | 1743 | 1660 | 1900 | 18.07 | 17.14
8 1701 | 1634 | 1566 | 1799 | 1701 | 1602 | 1890 | 1768 | 1646 || 1976 | 1833 | 1693 | 2081 | 1902 | 1743
g 1492 | 1433 | 1413 1563 | 15311 | 1438 | 1632 | 1569 [ 1303 || 1699 | 1627 | 1554 | 1763 | 1683 | 1604
10 1420 | 1372 | 1315 | 1494 | 1425 | 1355 15361 | 1478 | 1395 1625 | 1531 | 1437 | 1688 | 1584 | 1480
11 1610 | 1533 | 1496 | 1689 | 1623 | 1561 | 1760 | 1683 | 1606 || 1833 | 1742 | 1663 | 1903 | 1810 | 17.16
12 1473 1444 | 1414 f 1540 | 1505 | 1489 | 1602 | 1560 | 15317 | 1663 | 1617 | 1370 1726 | 1674 | 1621
13 1464 | 1441 1419 | 1533 | 1494 | 1456 [ 1598 | 1546 | 1494 | 1661 1598 | 1534 | 1722 | 1649 | 1376
14 1514 | 1478 | 1442 1584 | 1532 | 1481 | 1o49 | 1587 | 1524 || 1713 | 1o4l | 1568 (| 17.76 | 1693 | 16.14
13 14060 | 1427 | 1394 | 1531 | 1478 | 1425 1597 | 15320 | 1461 | 16.61 | 1580 | 14990 | 17.23 | 168.31 | 1539
16 1422 | 1391 | 1360 | 1494 | 1437 | 1380 1563 | 1485 | 1404 | 1835 | 1534 | 1432 [ 17.03 | 1583 | 14.63
17 13.77 | 1348 | 1319 1434 | 1396 | 1350 | 1488 | 1443 | 1390 || 1541 | 1491 | 1440 [ 1594 | 1538 | 1481
18 1573 | 1535 | 1497 | 1648 | 1595 | 1541 17.19 | 1654 | 1589 (| 17.89 | 17.14 | 1630 | 1858 | 17.74 | 16.90
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The fitted ARIMA (1,1,0) model was used to forecast values of the IRI for years from June
2021 to June 2023. The original data and forecasted values for the selected pavement families

with 95 % confidence intervals are shown in Fig. 3.6.

3.5 Conclusion

Pavement condition forecasting is an important activity in PMS. Its integration with other
network level activities makes it an essential task that support top management decisions
related to fund allocation priorities for pavement maintenance and rehabilitation. In this
context, a time series models were developed for all pavement families to forecast their
performance using ARIMA time series approach. In this study, 18 pavement families /R/ half-
year-based data between December 2021 to December 2023 were used to forecast the
pavement condition trend. The sample ACF and PACEF of the actual data were computed using
SPSS modeler and their plots were graphed. These were used in identifying appropriate
models. Pavement families data series exhibited non-stationary behavior following the
inability to die or even at high lags. Each series was transformed by differencing once, and
stationary was attained. The plot of each differenced series indicated that the series was evenly
distributed around the mean. Following the of the ACF and PACF differenced series, an
ARIMA (1,1,0) model for all pavement families given by IRl s = af + frIRI;_; + & was
identified for all pavement families. The parameters of fitted models were estimated. Models
were subjected to statistical diagnostic check at 0.05 o using Ljung-Box tests for all pavement
families with Q (18) and 17 d.f. and the BIC. Analysis showed no autocorrelation between
residuals at different lag times and proved that the models were statistically significant,
appropriate, and adequate. Fitted models were used to forecast values of the /RI from
December 2021 to December 2023 on a semi-annual basis. The forecasts were good
representation of the original data which neither decrease nor increase. Models of this study
were built using half year-based data, so the seasonal analysis of the data was involved. A more

comprehensive ARIMA model can be built in the future based on more accurate historical data.
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4.1 Introduction

Under normal circumstances, pavement deterioration modelling based on historical data
correlating with its age, requires regular measurements of the condition rating of pavement
sections over time. However, in the absence of such information and records in many cases
such as in developing countries, such method cannot be used, and alternative is to use
probabilistic modelling. Thus, Markovian approach is one of the appropriate technique that
can be used in such cases. The hidden Markov model is a special case of Markov chain model,
which has been widely used in several research areas such as image processing and speech
recognition. One of the great advantages of the hidden Markov model is that it allows the
unobserved condition state to be captured, eliminating the noise and bias associated with
monitoring data. This method has been applied in this research to develop a Gaussian Hidden
Markov deterioration prediction model to anticipate future pavement conditions. An initial
database representing the pavement condition for an available period of times used in the
development process. In addition to transition probabilities, emission probabilities are also
calculated. This chapter was submitted to Advances in Civil Engineering Materials (ASTM)
International journal and then has been rewritten to accommodate the continuity context of the

thesis.
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4.2 Problem Definition

It is very important in pavement management systems to provide a clear future vision of the
pavement condition to support decision-makers. The aim of this study is to apply a hidden
Markov modeling method to a road network that does not have archived data to predict future
pavement condition. Under these difficulties, and to overcome the problem of lack of archived
data a subjective data extracted from a previous study conducted on the same road network

was used to develop the hidden Markov model.
4.3 Methodology

HMM is the model in which a series of emissions can be noticed, however it is difficult to
know the path the model went through to generate these emissions. HMM is a tool to
probabilistically estimate the sequence of cases from observed data. The hidden Markov model
is a special case of Markov chain model, which has been widely used in several research areas

such as image processing, speech recognition, and applied statistics (Davison, 2008).

Suppose that Z,, Z,, ... ...., Z, ; X41,X,, ..., X,, are random variables where Z;,Z,, ... ...., Z,, 1S

the pavement deterioration hidden process, and X;, X5, ..., X;, is the observed deterioration

Hidden Part — @ S > Z,

(Observed Part { X | | X . [ Xn )

hidden process.

Figure 4.1 HMM Basic Diagram. Taken from Kobayashi et al (2012, p. 243)

The Markov hidden model is written as following:
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P(xl ey Xy 27y e 'Zm) = P(Zl)P(xllzl) l—[;{l=2 P(Zklzk—l) P(xklzk) (41)
The goal is to compute, for all i, the posterior distribution P(Z,,|X;, X5, ..., X;,) using a process

of two steps which are prediction and then Bayesian update (see Fig. 4.2)

P(Z,)

¥ Prediction
P(Z;|X3)

5
¥

2
% h J
Sl x S P(Z3l% X2) A HMM X/
% Algorithm
g Y
g- Xq »  P(Z3]Xy,X2,X3)
E i
w ;
a Update
X:I"I - P(zm—J.lXJ.""Xn—J.)

Figure 4.2 HMM Algorithm

4.3.1 HMM Parameters

The model mainly consists of three parts which are the transition probabilities, the emission

probabilities, and the initial distribution.

4.3.1.1 Transition Probabilities
The first set of parameters is called the transition probabilities which represent the transition
from a state to another. These set would be calculated using the following formula.

Mij = P(Zgar = jlzg =05 (j €{12, ., Tmy=1; 02121 (42)

An r*r matrix would be formed to hold all transition probabilities as following:
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7'[11 e nl]]
i (4.3)

TPM = [ :
7'[11 ves T[I]

4.3.1.2 Emission probabilities (EM)

In order to specify HMM emission probabilities would be needed. These probabilities are
calculated using the following formula.

g(x) =P(x|z =1);i €{1,2,..,1} (4.4)

4.3.1.3 Initial Distribution

The initial probability distribution over states ¢ is the probability that the Markov chain starts

in state i. Some states j may have ¢ = 0, meaning that they cannot be initial states.

ti=P(Z,=1);i={12,..r} (4.5)
Then, the HMM formula is written in the following way:

P(xl vy Xy Z1 e ,Zn) = t(Zl)gzl (Xl) H‘;{l=2 T[Zk—lizk ng(xk) (4.6)

In this chapter, Libyan road network was chosen as a case study and the data used was taken
from a previous study in which the International Roughness Index (IRI) was estimated for the

road network (Heba & Assaf, 2017).

A road is normally considered to be in perfect condition immediately after it is built and to
deteriorate over time. The condition of the road can be described in different ways, for example
discrete condition states may be used, (i = 1, .....,I) where condition state 1 is considered
perfect or like perfect and / alarming condition. Pavement performance indices represent the
pavement physical or real condition (see Fig. 4.4). Unlike pavement condition states, pavement

indices increase over time as in Fig.4.5.
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Figure 4.4 Evolution of pavement indices over time

To model the deterioration process using HMM, the probabilities of the process passing
between condition states must be estimated. Available condition indicator values from expert
pool were used to estimate the transition probabilities of the deterioration process. Accurate
estimation of these transition probabilities requires adequate data on past conditions. In this
paper, pavement condition data was obtained from the author previous paper (Heba & Assaf,

2018).

To use the HMM, it is important to consider that pavement physical deterioration cannot be
directly observed. While it can be predicted through the evolution over time of one of the

aspects those related to physical deterioration (e.g. roughness). As a result, pavement physical
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deterioration was considered a hidden process and pavement physical deterioration aspect

considered as an observed process.

Pavement index
(Observed process)

Condition states
{Hidden process)

Time (vear)

Figure 4.5 Pavement Index and Condition States Relationship

In this study, one pavement family was chosen to explain how to apply the HMM using forward
algorithm. To apply HMM, prior or initial states probability distribution, states transition
probability matrix, states observed conditions matrix (emission matrix) were calculated to

develop the model.

Pavement Observed States

Pavement Hidden States

Figure 4.6 Pavement observed and hidden states

Fig. 4.4 shows the hidden and observable state in the pavement deterioration process. It is

assumed that the hidden states (the true pavement condition) were modelled by simple first
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order Markov process. The TPM is in a forward move form, in which pavement condition
states could move only forward to deteriorate to a lower pavement condition state. The
connections between the pavement hidden states and the pavement observable states represents
the probability of generating a particular observed state given that the Markov process is in a
particular hidden state. It must be clear that all probabilities entering an observable state sum

to 1, Xijg(t;;) = 1. In addition, each probability in the pavement TPM and EM is time

independent.

Prior or initial pavement state probability distribution is the first HMM component was
determined. Which is the initial probability of transitioning to a hidden state. This can also be
looked at as the prior probability. The pavement condition was given the following condition

states see Eq. 4.7.

Ecxellent
Good
Initial state distirbution = [IS]sx; = | Medium 4.7)
Poor
l Fail J

Figure 4.7 represents 1% pavement family probability density functions (PDF) for experts’
knowledge and pavement current condition data. Both functions are probabilistically

distributed according to normal distribution see Table 4.1.

Experts” knowledg ior knowledge (PDF)

Current condition Current condition (PDE)

Data

Figure 4.7 Pavement family prior and current condition PDFs
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Table 4.1 1% Pavement family prior and current condition PDFs

Pavement Experts Knowledge Pavement Current Condition
FProbability N~(4.73,2.34) N~(32.84,1.77)
Distribution
Parameter =473 Hergprr = 031 u=3.84 bstaprr = 0.39
Estimation o =234 Gprqzrr = 0.38 o =177 Uurq ey = 0.28
Parameter coviu pu) =029 cov(p, o) = 2.66e~Y | cov(u ) =0.15 cov(p, o) = —1.36e7
Covariance covia, u) = 2.66e~Y" | cov(s,o) =0.14 cov(a, u) — 136217 covi(o,a) =0.08

Pavement condition deteriorates by one or more condition state in one duty cycle. Which
means condition states could move only one forward step or remain in the same condition.

Total TPM steps in form are n-1.

Pavement states transition probability matrix is the second computed component of the HMM.
TPM represents the probability of transitioning to a new state conditioned on a present state

(see Egs. 4.2 and 4.3). Eq. 4.8 and Eq. 4.9 show the TPM for the HMM.

[g(tll) g(tiz) g(ti3)  g(tis) g(ﬁs)]
0 9(t22) g(tzz) g(tas) g(tzs)

Transition Probability Matrix = [TPM]sxs =| 0 0  g(tsz) g(tss) g(tss) (4.8)
0 0 0 9(tss)  g(tss)
0 0 0 0 1

073 011 0.10 0.04 0.02
0 065 015 012 0.08
0 0 075 013 0.12 (4.9)
0 0 0 097 003
o o o0 o0 1

Pavement observed states conditions matrix (Emission Matrix) which is the probability of
transitioning to an observed state conditioned on a hidden state. This matrix was determined
from the pavement observed condition (see Eq. 4.4). EM is result is shown in Egs. 4.10 and

4.11.
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h(ti1) h(tiz) h(ti3) h(ta) h(ts)
0 h(ty;) h(tzs) h(tas) h(tzs)

Emission Matrix = [EM]sys =| 0 0  h(tss) h(tsy) h(tss) (4.10)
0 0 0 h(tys) h(tss)
0 0 0 0 1

0.83 0.09 0.05 0.02 0.01

[0 0.70 0.16 0.09 0.05]

=l 0o 0 061 025 0.14 4.11)
0 0 0 056 044
o 0 0 0 1

4.3.2 Pavement Deterioration HMM Analysis

In this study, pavement deterioration process was considered an HMM case in which a
sequence of emissions is observed, but the sequence of states the model has passed through to
produce the emissions is unknown. Analysis of pavement HMM aims to capture the sequence

of pavement condition states depending on the pavement observed condition.

4.3.2.1 Generating Random Sequence of Sates and Emissions

First step was to generate a random sequence of states and emissions from the HMM pavement

model. This was beginning in state 1 at step 0, transitioning to state,,; ;i = 1.

4.3.2.2 Estimating States Sequence

The second step was the estimation of the most likely sequence of states the model would go
through given the transition and emission matrices to generate a given sequence of emission.

In this step Viterbi algorithm was used to compute this sequence. See Fig. 4.8.
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Figure 4.8 Viterbi algorithm 5 steps pavement
condition states sequence

4.3.2.3 Estimating Posterior State Probabilities

After that, from the produced sequence of states which were generated using the Viterbi
algorithm, transition and emission matrices were estimated. The posterior state probabilities
are the conditional probabilities that the model was in a particular state when it generated a
sequence of states, given that sequence was emitted. These probabilities were computed and

produced the following pavement condition states sequence.

Medim

FOR

2

Figure 4.9 The Posterior pavement condition
states sequence

Table 4.2 shows the posterior pavement condition state probabilities. It consists of the 10 steps

that HMM has went through and 5 pavement conditions. For instance, in the 2" step, there
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was a strong probability that the pavement condition will remain in the same condition which
Excellent. While the pavement condition in this step could transit to next pavement condition

which is Good with a probability of 0.002.

Table 4.2 Posterior pavement condition state probabilities

Step | Excellent | Good | Medium | Poor Fail
1 1.000 0.000 0.000 0.000 0.000
2nd 0.982 0.002 0.000 0.000 0.000
3 0.080 0.776 0.144 0.000 0.000
4th 0.000 0.680 0.200 0.093 0.027
Sth 0.000 0.000 0.974 0.016 0.010
6t 0.000 0.000 0.870 0.009 0.121
7th 0.000 0.000 0.000 0.855 0.145
gt 0.000 0.000 0.000 0.703 0.297
gth 0.000 0.000 0.000 0.186 0.814
10t 0.000 0.000 0.000 0.003 0.997

4.4 Conclusion

In this study, 10 transitioning steps were taken to run the pavement HMM. However, it is
recommended to use several transitioning steps that are equal or close to the pavement life
spin. In pavement deterioration process, pavements go through multiple condition state until
they reach the failure state. It is easy to approximately know when pavements fail and become
unusable from their life span. However, it is difficult to know the condition states that a specific
pavement went through to fail. This study explained how to estimate the most likely sequence
of pavement condition states that a specific pavement has went through to fail. Depending on
Figure 4.9 and table 4.2, the results of the HMM model can be easily interpreted. For example,
in 1st transitioning step, the posterior probability was 1 which indicates to Excellent state and
rest of other posterior probabilities are equal to 0. In the 7th transitioning step, pavement
condition state is transferred to Poor state with a strong posterior probability of 0.855. While

it could move to Fail state with a low posterior probability of 0.145. As a result, decision
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makers can decide when it is important to intervein to maintain or rehabilitate that pavement

in accordance with the fund availability and maintenance priorities.



CONCLUSION

This thesis has shown the benefits of probabilistic models when data about road condition is
insufficient in quality or quantity as well as if it is not available. In many deterministic models,
there are uncertainties and variations in pavement design variables and parameters. As a result,
it is not accurate to apply deterministic models to all situations of pavement management. In
contrast, in probabilistic models, selection biases are considered as random variables, so these

biases are eliminated through the assumption of the related probability distributions.

To probabilistically develop a pavement performance model, taking into consideration the
quality of the available data, Bayes linear regression is an appropriate estimation solution.
Bayes linear regression is the linear regression model applied under the constraints of Bayes'
inference theory. In Bayes estimations, experts’ opinion is used as prior knowledge instead of
using archived data if it does not exist. The prior knowledge is then mixed with current road
condition to produce the predictive distribution. The experts’ knowledge data was exposed to
ANOVA analysis and the results showed that there was no significant difference in group
means. As a result, the experts’ opinions were considerably compatible; this means that all the
experts’ knowledge about the roughness progression were close to each other. The current
pavement condition was then measured, and the results used to derive the MLE function. The
prior distribution and the MLE were used to produce the predictive distribution to estimate the
model parameters. 95% confidence intervals for the model parameters were established around
the estimated parameters; this increases the reliability of the estimation range for the posterior

probability distribution.

For all pavement families, prediction models were built to forecast the pavement performance
using ARIMA time series method. /R/ half-year-based data between June 2021 to June 2023
were used to forecast the pavement condition trend. The sample ACF and PACF of the actual
data were computed using SPSS modeler and their plots were graphed. These were used in
identifying appropriate models. Pavement families data series exhibited non-stationary
behavior following the inability to reach an unacceptable condition. Each series was

transformed by differencing once, and stationary was attained. The plot of each differenced
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series indicated that the series was evenly distributed around the mean. an ARIMA (1,1,0)
model for all pavement families was identified for all pavement families. The parameters of
fitted models were estimated. Models were subjected to statistical diagnostic check at 0.05 a
using Ljung-Box tests for all pavement families with Q (18) and 17 d.f'and the BIC. Analysis
showed no autocorrelation between residuals at different lag times and proved that the models
were statistically significant, appropriate, and adequate. Fitted models were used to forecast
values of the /R from June 2021 to June 2023 on a semi-annual basis. The forecasts were good

representation of the original data which neither decrease nor increase.

The third method used in this thesis to investigate the pavement performance is the HMM. The
model consists of three parts which are the transition probabilities, the emission probabilities,
and the initial distribution. To run the pavement HMM, 10 transitioning steps were taken. The
study explained how to estimate the most likely sequence of pavement condition states that a
specific pavement has went through to fail using Viterbi algorithm. from the produced
sequence of states which were generated using the Viterbi algorithm, transition and emission
matrices were estimated. The posterior state probabilities are the conditional probabilities that
the model was in a particular state when it generated a sequence of states, given

that sequence was emitted.



RECOMMENDATIONS

The main purpose of this thesis was to develop pavement prediction models when archived or

historical pavement condition data is not available using different statistical models, the

following recommendations and future work are suggested to use and increase models’

estimation accuracy:

I.

The developed models could be used to predict pavement condition in countries with road

networks where historical data is not available.

It is noticeable, in all developed models, that the estimated IRI value increases with time.
Here, decision makers should make sure that proper maintenance treatment is placed at the
right time. It is recommended to use preventive maintenance, because it is performed
before the pavement shows significant distress. Furthermore, it is used to stop minor

deterioration, delay progressive failures, and reduce the need for corrective maintenance.

In Bayes regression model, a more accurate prediction model can be obtained by constantly
updating the prior distribution. I emphasize here that using Bayes linear regression is better
than MLE. The main reason is that Maximum Likelihood Estimation returns a single fixed
value (point estimation), but Bayesian linear regression inference returns probability

density function.

Using longer time series and more accurate pavement condition visual estimator can
increase ARIMA model estimation accuracy. However, there are some limitations when
using ARIMA model. Some of them are, determining (p,d,q) order model is a little bit

subjective and it is computationally expensive because it runs many different models.
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Family 1 Family 2 Family 3 Family 4 Family 5 Family 6 Family 7 Family 8 Family 9

Years | Prior | LH | Prior | LH | Prior Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH
1 1.05 | 1.15 | 1.22 [ 132 ] 125 1.24 | 136 ] 144 [ 1.54 ] 147 | 1.54 | 1.53 1.53 ] 1.56 | 1.65 1.62 | 1.59
2 129 | 1.35| 146 1.49 1.49 | 1.57 ] 168 [ 1.74 ] 171 1741 1.77 | 1.73 | 1.81 1.87 | 1.86 | 1.80
3 175 | 165 192 [ 182 ] 195 .85 1.96 | 1.87 | 2.14 [2.04 ] 2.18 | 2.04 ] 223 | 203 ] 2.31 | 218 ] 232 |2.11
4 210 | 190 | 227 [ 2.07 | 230 | 210 | 2.32 | 2.13 | 249 | 2.29 | 254 | 230 | 258 | 228 | 2.69 | 245 | 2.67 | 2.36
5 245 | 215 | 262 [ 332 265 [ 235 2.67 | 239 284 | 2.54 ] 290 | 255 293 [ 253 3.07 [272] 3.02 | 2.62
6 2.80 | 240 | 297 [ 257 300 [ 260 ] 3.03 | 265)] 3.19 | 2.79 ) 325 | 280 | 328 [ 278] 345 [296 | 3.37 | 2.88
7 3.15 | 265 | 332 [ 282 3.35 [ 285 3.39 | 290 ] 3.54 | 3.04 ] 361 | 305 363 [3.03] 382 [325] 3.72 | 3.14
8 3.50 | 290 | 3.67 [3.07) 3.70 [3.10 ] 3.74 | 3.16 | 3.89 | 3.29 ] 3.97 | 3.30 | 398 | 3.28 4.2 3.52 | 4.07 34
9 3.85 | 3.15| 402 [ 332 ] 405 [ 335 4.10 | 342 ] 424 | 3.54 ) 432 | 355 | 433 | 3.55] 458 [3.79| 442 | 3.65
10 420 | 340 | 437 | 357 440 [ 375 446 | 368 | 459 | 3.79 ] 468 | 380 | 468 | 3.80 | 496 | 4.06| 477 | 391
11 490 | 390 | 507 | 407 | 510 | 495 5.17 | 488 | 529 | 429 ] 540 | 430 | 538 | 430 571 | 459 | 577 | 443
12 525 | 415 | 542 | 432 ] 545 | 5.15| 5.53 | 5.18 | 5.64 | 4.54 ) 575 | 455 573 | 455]| 6.09 | 486 | 6.15 | 4.78
13 5.60 | 440 | 577 | 457 | 580 | 560 | 5.89 | 548 | 599 | 4.79 ] 6.11 | 480 | 6.07 | 480 | 6.46 | 488 | 6.53 | 5.04
14 595 | 465 612 | 482 ] 6.15 | 6.05]| 6.24 | 578 | 634 | 5.04 ) 653 | 534 | 642 | 505] 6.84 [ 515 | 691 | 5.61
15 6.30 | 490 | 647 [ 526 ] 6.50 [ 635 ] 6.60 | 631 | 6.69 | 529 ] 689 | 561 | 677 [530] 722 [542 ] 7.29 | 5.89
16 6.65 | 5.15| 686 | 565 ] 685 [6.75] 6.96 | 6.78 | 7.04 | 5.64 ) 7.25 5.8 7.12 | 5.65 7.6 5.69 | 7.67 | 6.28
17 7.00 | 540 | 7.17 [ 578 ) 7.20 [ 7.10 ) 7.31 | 7.04 | 739 | 6.19) 761 | 656 | 747 [ 620] 797 [ 6.06 | 8.06 | 6.89
18 735 | 565 752 | 612 | 7.55 | 725 7.67 | 734 | 7.74 | 6.84 ) 797 | 725 | 782 | 6.85| 835 | 6.66 | 844 | 7.61
19 7.70 | 590 | 7.87 | 647 | 790 | 756 | 8.03 | 7.76 | 809 | 7.19 | 833 | 762 | 817 | 720 | 873 | 7.35| 882 | 8.00
20 8.05 | 645 | 822 [ 682 ] 825 | 783 | 8.38 | 8.18 ) 844 | 7.54 ) 8,69 | 799 | 852 [ 7.55] 9.11 [ 7.73 | 9.20 | 8.39
21 8.40 | 7.33 | 857 [ 727 ] 860 | 8.10 | 8.74 | 820 ] 879 | 8.00 ] 9.05 | 848 | 887 [ 801 | 948 [ 811 | 9.58 | 8.90

1t to 9" pavement families’ data including the experts’ knowledge (Prior) and the
likelihood estimations (LH)

Family 10 Family 11 Family 12 Family 13 Family 14 Family 15 Family 16 Family 17 Family 18

Years Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior | LH | Prior LH
1 1.63 1.6 164 | 1.61 1.65 1.63 1.66 | 1.64 1.68 | 1.66 1.68 | 1.67 1.69 1.68 1.7 1.69 1.71 1.7
2 1.88 1.81 1.89 1.82 1.9 1.85 1.91 1.86 1.92 1.88 1.93 1.89 1.94 1.9 1.95 1.91 1.97 1.93
3 2.34 2.12 2.35 2.13 2.36 2.16 2.38 2.18 2.4 2.2 2.41 2.22 2.42 2.22 2.43 2.24 2.46 2.26
4 269 | 237 271 [ 238 272 | 242 | 274 [ 244 ] 276 [ 246 | 278 [ 248 [ 2.78 | 249 2.8 251 | 2.83 2.53
5 305 | 263 | 3.06 | 2.65| 3.08 | 2.69 3.1 271 | 3.12 ) 273 | 3.14 | 275 | 3.15 | 276 | 3.17 | 2.78 32 2.8
6 3.4 2.89 3.42 2.91 3.43 2.95 3.46 2.98 3.49 3 3.5 3.02 3.51 3.04 3.54 3.06 3.57 3.08
7 375 | 316 | 377 [ 317 ] 379 | 322 | 382 [324] 385 [327] 387 3.3 3.88 | 331 3.9 333 ] 394 3.36
8 4.11 3.42 4.13 3.43 4.15 3.49 4.18 3.51 4.21 3.55 4.23 3.57 4.24 3.58 4.27 3.61 4.31 3.64
9 4.46 3.67 4.48 3.69 4.5 3.74 4.54 3.77 4.57 3.81 4.6 3.83 4.61 3.85 4.64 3.87 4.68 3.91
10 481 | 393 | 484 | 395 ] 486 | 4.01 4.9 4.04 | 493 | 4.08 | 496 | 411 | 4.97 | 4.12 5 415 | 5.05 4.18
11 582 | 445 | 585 | 447 | 588 | 454 ]| 593 | 458 | 597 | 4.62 6 4.65 | 6.02 | 467 | 6.05 4.7 6.11 4.74
12 6.21 4.8 624 | 483 | 6.27 49 632 [ 494 ]| 636 [ 498 | 639 [ 502 | 641 | 504 | 645 [ 507 ] 6.51 5.11
13 6.59 5.07 6.62 5.09 6.65 5.17 6.71 5.21 6.76 5.26 6.79 5.29 6.81 5.31 6.85 5.35 6.91 5.39

14 697 | 564 | 701 | 567 | 7.04 | 5.75 7.1 5.8 715 | 585 | 7.18 | 589 | 7.21 [ 5091 | 725 | 596 | 731 6
15 7.36 5.92 7.39 5.95 7.43 6.04 7.49 6.09 7.54 6.14 7.58 6.18 1.6 6.21 7.65 6.25 7.72 6.3
16 7.74 6.31 7.78 6.34 7.82 6.44 7.88 6.49 7.93 6.55 7.97 6.59 3 6.62 8.05 6.67 8.12 6.72
17 813 | 692 | 817 | 696 | 821 | 7.06 | 828 | 7.12 | 834 | 7.18 | 838 [ 7.23 8.4 7.26 | 845 | 7.31 | 8.53 7.37
18 8.52 | 7.65 | 856 | 7.69 8.6 7.8 8§67 | 786 | 873 [ 793 | 877 | 7.9 8.8 8§02 | 885 | 8.08 | 893 8.14
19 8.9 8.04 | 894 | 8.08 | 8.99 8.2 9.06 | 827 | 9.12 | 8.34 | 9.17 8.4 9.2 8§43 ] 9.25 | 849 | 9.34 8.56
20 9.28 8.43 9.33 8.47 9.38 8.6 9.45 8.67 9.52 8.75 9.56 8.81 9.59 8.84 9.65 8.91 9.74 8.98
21 9.67 | 8941 971 | 899 ] 9.76 | 9.12 | 9.84 9.2 991 | 928 | 996 | 934 | 9.99 | 9.38 | 10.05 | 945 | 10.14 | 9.52

10% to 18™ pavement families’ data including the experts’ knowledge (Prior) and the

likelihood estimations (LH)
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