ABSTRACT

GNANA DEEPIKA KARANAM, Determinatiornof Pavement Condition Surveying Frequency
Using Probabilistic Modelingvith Bayesian Spatiotemporal Inference Techniq(ésder the
direction of Dr. B. Shane Underwopd

State HighwayAgencies (SHAS) are tasked with the challenging responsibility of

effectively using their resources for maintaining and rehabilitating paveniémsgh
challenging, this task isrucial for the longterm durability and performance of transportation
networks.The traditional methods of collecting pavement condition data, crucial for informed
decisionmaking in this context, are often costly, thb@nsuming, and not always optimal in
terms of the information they provide. This inefficiency is particularbbfmatic given the
increasing concerns about the resilience of pavements to extreme events.

In response to these challenges, this dissertation preseatelapproach to enhance the
effectiveness of pavement condition assessments. By employing probabilistic modeling
techniques, specifically Bayesian and Bayesian Spatial inference, the research aims to leverage
existing data more effectively. These methodologeek to provide a near reahe
understanding of the pavement system's state and its deterioration patterns, especially in areas
vulnerable to or affected by extreme events.

The research critically evaluates various modeling methods, including parametric models,
standard Bayesian models, and Bayesian spatial models. The findings demonstrate the
superiority of the Bayesian spatial model, which excels in accuracy by 25 % |M&H Bnd
offers a narrower band of uncertainty due to its ability to incorporate and account for spatial
correlations.

Anotherimportant focus of the dissertation is on the impact of extreme events on
pavement conditions. It categorizes the types of damage and emphasizes the need for systematic
detection of ongoing degradation following such events. This part of the reseailajhtsghe
potential for expanding the study to understand the-teng effects of extreme events on
pavements better.

Additionally, the dissertation explores and assesses dynamic sampling strategies as an
alternative to traditional comprehensive data collection methods. It investigates the feasibility
and effectiveness of reduced sampling strategies, including annuaieandal approaches. The
research outcomes indicate that these less frequent sampling strategies, including annual and

biennial approaches, are capable of maintaining performance assessment levels that are



comparable to more frequent surveys. Notably, there is an overall reduction of 14.3% in Root
Mean Square Error (RMSE), which underscores the viability of these strategies for State
Highway Agencies (SHAS) in optimizing survey frequencies while effectiaidgating

resources.

Overall, the dissertation contributes significantly to the field of pavement management,
advocating for a more nuanced and statistically rigorous approach. It addresses the need for
methods that are responsive to environmental challenges and that strafegtcsefficiency in
operational practices. The research presents a balanced perspective on pavement management,
aiming to enhance the precision of performance assessment while considering the operational

realities faced by SHAs.
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CHAPTER 1. INTRODUCTION
1.1. Background and Research Needs

In the United States, approximately 4.2 million miles of paved rtzanlgate daily
transportation for people and goods (USAFacts, 2020). These pavements face increasing traffic
pressures, with vehicle miles traveled exceeding 3.2 trillion in 2019, a significant 18% rise since
2000 FHWA, 2019). Despite the critical role pavements play in the national infrastructure,
funding for their rehabilitation and improvement is insufficient. Highlighting this concern, the
American Society of Civil Engineers' 2021 Infrastructure Report Card ratdrfrastructure at
a G (ASCE 2(21)0One way to get better pavement infrastructure is by implementing effective
pavement management strategies. A pavement management system (PMS) is a vital tool that
provides a systematic method of road condition data collection, storage, analysis, andignodell
for decisionmaking by optimizing resources across a pavement neifPetkerson, 1987 and
Hudson et al., 1979All 50 states have a PMS that supports decision making by their State
highway Agency (SHA).

A PMS is used to support SHA decisions at three different levels:

1. Inthe highest levels of an organization, the strategic level, decisions are typically
made related to investment levels and strategies that will enable the organization
to achieve its goals and objectives.

2. In addition, at the network level, a summary of data about the entire highway
network is gathered in order to determine the most appropriate mix of projects
and treatments for a mulgear improvement program.

3. Inthe third level, the project level, decisions are made concerning individual
segments of the pavement network.

An important component of any PMS is the pavement performance or pavement
deterioration models; these models allow agencies to predict future needs and distribute budgets
appropriately for a satisfactory level of service across the network. It is imeei@tivonitor the
condition of pavement surfaces over time in order to develop and/or calibrate pavement
performance models. It is crucial that both future performance predictions and current facility
conditions are accurate in order to develop effectivemt@aance and rehabilitation (M&R) plans

and projects.



Nevertheless, it has been noted that pavement performance predictions rarely match those
observed in the field (AASHTO, 2012), perhaps indicating that the current pavement
management framework does not provide an optimal road system. Due to the muddiplegels
like inflexible physical assets, unstable funding, maturation, increasing interdependencies, and
climate change infrastructure lacks optimality (Golabi et al. 1982; Hong & Prozzi 2086).
important to note that these challenges are intercehatd are likely to produce natationary
effects. In light of the variety of factors that can affect a road network's performance, as well as
the lack of funding for pavement monitoring, it is essential that a PMS be flexible enough to
accommodate scenas that have a low probability of occurrence.

However, the existing PMS is stationary. The interactions between its core elements are
shown inFigurel. As presented, the analysis is based on a series of historical measurements
collected at regular intervals without any flexibility for unexpected changes. It is therefore
unlikely that this management system will be able to cope with unexpected changes.

It is therefore necessary to make decisions taking into account the uncertainty of the
predictions, as well as the changing nature of all the factors that affect pavement performance. A
robust PMS should, therefore:

1 recognize the risks associated with the present state of pavement structures and
1 recognize the importance of embedding flexibility in a future that may be
uncertain (Hong & Prozzi, 2006).
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Figure 1. Important components of pavement managemer{after AASHTO 2012).

An effective way of embedding flexibility in a PMS structure is to improve the frequency
at which performance models are updated. In general SHAs have established annual and
biannual construction and distress inspection processes as critical componewristenance
and rehabilitation decisions in the pursuit of achieving quality,-lagting pavements.

When it comes to utilizing their available resources to collect pavement distress data,
SHAs face significant challenges in determining how to make the most effective use of those
resources for pavement maintenance and rehabilitation. To maintain anserttiprmverall
condition of the transportation network, SHAs are required to collect pavement condition data,
which can be an expensive and tioesuming process. However, current practices are

informationally suboptimal, being heavily redundant on soam& completely missing others.



So, current practices in distress data colleatemadd to the uncertainty in performance
prediction.

The literature has documented the uncertainty associated with the methods of condition
data collection (manual, semiautomated, and automated). There is, however, a fugdtefor
research into how pavement condition monitoring frequency affects highway maintenance,
rehabilitation, and reconstruction decisions. The collected data are used to establish maintenance
and rehabilitation priorities, select maintenance and retatoh strategies, and predict
pavement performance. ldentifying the effects of data collection frequency will assist highway
agencies in bridging the information gap for pavement management purposes and in evaluating
the impact on prediction accuracy asalibration of performance models.

This dissertatiorseekdo provide new knowledge in order to address the current gaps
concerning data collected and information gained during pavement condition assessments.
Addressing this gap is important because of increasing concerns with extreme events and
pavement resilierec A key component of addressing this issue is having a neartymeal
knowledge of the state of the system and the deterioration patterns of the pavements in the
system, especially in locations affected by or likely to be affieayethese events. Current
practices pose a barrier to better decigimaking because of their inability to collect such details
quickly and coskffectively.

This dissertation will explore probabilistic modeling using Bayesian Spatiotemporal
inference techniques to better leverage the collected data to increase the information gained

concerning the state of the pavement network.

1.2. Research Objective

The overall goal of the proposed research is to determine a flexible and adaptive distress
survey method based on the existing state of pavement to getime&howledge of the
system and to determine the deterioration patterns of the pavements.
The specific objectives that will be achieved are as follows:
1 development of a Bayesian technique to the existing models to quantify
uncertainty in the predictions,
1 evaluating the spatial and spatiotemporal variations and including them to the
developed Bayesian technique, and



1 development of a framework to determine a flexible distress surveying frequency

based on the probabilistic predictions.

1.3. Approach

The overall methodologfpllowed to meet these objectivissdescribed in Chapter 3 of
this dissertationHowever, in briefthis research haasvolved the following steps

1 Collect Pavement condition ratingC-PCR data fromtheNCDOT PMS
database and cleanse and filter this data.

Study the anomalies in the databgually inspectinghe pavement surfaces.
Evaluate the effect of distress data sampling frequengyamtictingthe future
state oftheroad network.

1 Quantify the uncertainty of the model by separating model components and
integrating the model components usihgBayesian Hierarchical Model (Beta
regression model) and Markov Chain Monte Carlo (MCMC) method.

1 Compare the Bayesian method witie non-parametric method and evaluate the
methods using-old crossvalidation

1 Evaluate the spatiotemporal variations in WM@&PCRdata and develop a
spatiotemporal model for future pavement performance predictions.

Reduce thenodel complexity by redefining or fixing the sensitive parameters.
Development of a framework to determine flexible distress surveying frequency

based omrobabilisticpredictions.

1.4. Dissertation Outline

The overall structure of this research is presenté&dguare2. As displayed, the research is
segmented into four main sections. This dissertation begins with Chapter 1, introducing the key
research questions, objectives, and approach, and is followed by Chapter 2's thorough literature
review on pavement performan@&ayesian models, and management programs. Chapter 3 shifts
focus to practical data processing for modeling and uncertainty analysis. The early stages of
uncertainty are explored in Chapters 4 and 5, which assess the impact of the-CDVID
pandemic and theffects of missing pavement data. In Chapters 6 through 8, the study delves
into Bayesian models, detailing the development of a Bayesian probabilistic model, a Bayesian
spatial model, and diverse sampling strategies. The final section, encompassimgshapi 1,

5



applies these methodologies directly to PMS, evaluating the impact of extreme events, proposing
a framework for reduced survey frequencies in PMS, and culminating with a summary of

findings and future research directions.
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Figure 2. Overall research organization

The dissertation consists of nine chapters describing in detail the concluding remarks
from the overalresearch plan and recommendation for future research. Each chapter is
summarized in the following.

1 Chapter 1: Introduction This chapter ffers a comprehensive overview of the research

context and the necessity for the study being conductddsédtribeshe research goals
and presentsneoverall outline of the dissertation

1 Chapter 2: Literature Review his chaptereviews the available literature related to

the key concepts in the proposed research, such as current pavement performance

models, uncertainty quantification techniques, extreme events, and sampling



techniquesThe information presented in this chapter supports the analysis reported on
Chapter 3 to Chaptdi0. For the analysis conducted in all these chapters, the literature
review conducted, and the respective fundamental concepts identified are included
directly in the chapter. This approach was adopted to make the information accessible
when needed in eachapter.

Chapter3: Data Processingin this chapter, a description of the data collected for

analysis is provided. Also, it includes a summary of the statistical procedures followed
to cleanse and organize the data for analysis. The chapter mainly focuses on the
procedures applied to processvement performancaeasurements, but some
generalities on the manipulation of PMS data are included.

Chapter4: Preliminary Quantification ofUncertainty in thelraffic Change in COVID

19 Traffic Data- This chapter delves into the foundational role of uncertainty

guantification in the dissertation's framework, reflecting the Candidaitges work in
this domainThis chapter evaluates tlVID-19 traffic impacts in North Carolina
and Virginia Themajor contribution of the candidate involves the statistical estimate of

theuncertainty inpredictionsbased on past traffic volumes.

Chapter5: Enhanced Pavement Prediction via Optimized Samplihgs chapter
evaluates the impact of reduced pavement condition survey frequencies on the
predictive accuracy of future road network performamdth a particular emphasis on
the imputation metha This chapter malyzes four survey scenarios.

Chapter6: Uncertainty Quantification in Pavement Performance Models: Bayesian vs.

NonParametric MethodsThis chapter ampares Bayesian and nparametric

methods in characterizing pavement performance curves. Emphasizes the importance of
accurately estimatingerformanceime-degradation relationships. Highlights the focus
on quantifying uncertainty in these statistical models.

Chapter7: Spatial Bayesian Approach in Pavement Performance Mode€linig

chapter évelops a probabilistic model for predicting future pavement conditions,
integrating spatial dependencies. The research contrasts traditional Bayesian techniques
with spatiatinformed Bayesian approaches, emphasizing the significance of spatial

factors inpavement condition modelingfhis chapteralsoproposesn optimization



approach using the Traveling Salesperson method to economically optimize the path of
pavement data collection.

Chapter8: Development of Dynamic Sampling Frequeniyis chapter ealuates the

feasibility of dynamic sampling frequency schemes in pavement management using the
developed probabilistic model. This task divides pavement performandata into

historical and assumed future sets, examining alternative sampling strategies based on
deterioration probability to determine optimal data collection intervals.

Chapter9: Evaluating Extreme Events Impact with Bayesian and Spatiotemporal

Models This chapterealuates the influence of extreme events on asphalt pavement
deterioration patterns, focusing on their vulnerability to changing environmental
conditions. This dissertation emphasizes identifying impacted sections within predicted
family curves due to ex¢me events, using the Bayesian beta regression moael as
primary tool for analysis.

Chapterl0: Development of Dynamic Sampling FrequeRcymework- The concept

of reducing the frequency of pavement performance surveys is a new idea in North
Carolina, and currently, there is no established framework for implementing such
approaches. To address this gap, findings from the discussions in chaptersofair th
eight have been instrumental in crafting a dynamic framework for sampling frequency.
This innovation aims to enrich data quality while minimizing redundancy.

Chapterl1: Conclusion and Future WorK he last chapter presertkee summary of

the work making up this dissertation and enumerates the specific conclusions reached.
Chapter 1 also includes a summary of future work that is needed to further the
development of the framework and ideas developed in this dissertation work.



CHAPTER 2. LITERATURE REVIEW
The following section summarizes the key findings from the literature reviewed for the
dissertation. In this dissertation, the main focus is on pavement management, sampling
techniques, pavement performance models, probabilistic models, and spatial @oréitem
variation of pavements. Therefore, subsections 2.1 to 2.5 will provide a review of the current
state of the art of research on theseceptsfollowed by an analysis of the knowledge gaps
associated with them.

2.1. Pavement Management

The American Association of State Highway and Transportation Officials (AASHTO)
defines pavement management as fithe effective
involved in providing and sustaining pavements in a condition acceptablettavbkng public
at the |l east |ife cycle cost (AASHOT 2012). 0
maintaining them in a reasonable condition date back to the beginning of pavement construction.
The rapid expansion of pavement networks indtf. durirg the1950s and 1960s made it
impossible for simple proceduresexperiencehat had worked in the past to manage these
burgeoning networks. Instead, a holistic approach to systems was required.

The term pavement management system (PMS) was coined in the late 1960s and early
1970s to describe decision support tools for the entire range of activities involved in providing
and maintaining pavements (OECD 1987; Peterson 1987). It was originallydescd as fia
systems approach to pavement designo. Hudson
management systemsoOoO as a coordinated set of a
from the available public funds when providing and operating smsaté, and economical
pavement s. Haas and Hudson expand on this con
associated with pavement planning, design, construction, maintenance, evaluation, and research.

There are several PMSavailable, each with its own level of complexity. Small towns or
rural counties may find it sufficient to have a simple system based on visual inspection and
maintained in an Excel or Access database. In the case of a state road network, a more complex
PMS is usually required.

There are five fundamental elements that constitute a "pavement management system”
(Peterson 1987):



Pavement condition survey# the United States, it's likely that largeale

adoption of pavement condition surveys was an initial step in implemdntis)y

For example, WSDOT, one of the very first organizations to adopt PMS, began
conducting pavement surveys in about 1965 (Nelson and LeC#32). The

primary focus of condition survey research is to advance and refine measurement
techniques and data collection processes.

Database containing all related pavement informatiofihe database has evolved

in tandem with the pavement condition survey data they are intended to store. With
the advent of adequate, castective computing power and storage in the 1970s,
computer databases became increasingly popular. In recent gsaesch has

focused on the implementation of more robust databases (e.g., Microsoft SQL
Server, Oracle, etc.) and improved user interfaces, which include spatial interfaces
based on GIS. It isnportantthat these interfaces are as important as the data

itself, as they enable users to view and manipulate data in a meaningful manner.

. Analysis schemeAn analysis scheme is an algorithm that is used to interpret data
in a meaningful manner. The late 1960s and early 1970s marked the advent of
computerbased optimization algorithms (Haas et al. 1979). In recent years,
software has been developed that boras the database, analysis scheme, and
decision criteria into a single packagecentresearch has focused on advancing

or refining life cycle costing analysis, optimization algorithms, and performance
prediction.

Decision criteria Decision criteria are the rules that guide pavement management
decisions. Due to the evolution of pavement management systems, decision criteria
have become mommplex andhow take into account items such as user delays,
vehicle operating costs, and, in limited cases, environmental effects. Research is
currently being conducted on developing and refining appropriate decision criteria
and automating their use.

Implementation proceduresProcedures for implementing management decisions
on roadway sections are referred to as implementation procedures. The topic of
implementation is often considered a political, budgetary, or procedural issue and

is rarely addressed in research.
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Pavement management systems can be divided into two general levels; the network (or
system) level and the project level. The network level deals with the pavement network as a
whole and is generally concerned with highel decisions relating to netwoevkide planning,
policy, and budget. For example, managers at this level might compare the benefits afwt costs
several alternative programs and then identify the program/budget that will have the greatest
network beneficost ratio over the analysis period

The project level consists of smalkrbsectionswithin the network and is primarily
concerned with decisions about the condition of the network, maintenance, reconstruction, and
rehabilitation (MR&R) assignments, and unit costs. For example, at this level, alternative design,
construction, maintenancand rehabilitation activities are considered in detail. In order to
achieve thigjoal the beneficost ratios of several design alternatives may be compared and the
design alternative that results in geatest benefit at the lowest cost over the projected life of
the project may be selected.

Pavement management systems tend to approach thisuelsystem either from the
top down, addressing netweldvel decisions first, or from the bottom up, addressing project
level decisions first. Depending on the amount and quality of the data aesswiedl desired

analytical capabilities, either method can be quite detailed or relatively simple.

2.2. Sampling Techniques in Pavement Maintenance and Management

Many state DOTs have developed maintenance quality assurance (MQA) program
guidelines, most of which adopt certain forms of simple random sampling techniques for asset
data collection (Schmitt et al. 2006). Simple random sampling chooses segments rdaydomly
applying a fixed sampling rate. The probability of each segment being chosen is the same. With
simple random sampling, network segmentation directly affects sampling efficiency. For a given
network, the sample population is determined by the lengthnople segment, as maintenance
activities are conducted segment by segment. A long segment leads to a small sample population
and consequently increases the sampling rate to meet the requirement of minimum sample size.
However, a short segment leads torarease in labor hours for collecting the data, since the
maintenance personnel may need to drive through more unsampled segments between sampled
segments. The selection of segment length is an empirical pdoaetecision made by
maintenance operators. Fexample, the California Department of Transportation (Caltrans) and

New York Department of Transportation (NYDOT) use 1 mile as a sampling unit; North
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Carolina uses 0.2 miles; and Florida, Indiana, Texas, Virginia, Washington, and Wisconsin use
0.1 mile (Schmitt et al. 2006). Once the sampling segment unit is determined, the question is
directed to the selection of the sample size.
2.2.1 Widely Used Sampling Methods

To determine sample size, three methods have been widely used in previous studies: a
fixed percentage of the population (Templeton and Lytton 1984), a statistical method (De la
Garza et al. 2008; McCullouch and Sinha 2003; Medina et al. 2009; Schmit2@d@]
Selezneva et al. 2004), and the optimization method (Gharaibeh et al. 2010; Mishalani and Gong
2008, 2009). In spite of the ease of implementation, fixed percentages of the population are
subject to error due to their empirical nature and thedéskientific validation. Depending on
the type of maintenance and rehabilitation (M&R) activities and needs, a different proportion of
samples will be needed from the entire populafpmpulation here refers to the set of all
pavements that makeup a netwarK)p predict the cost of repairing segments below a certain
threshold of condition, Templeton and Lytton (1984) recommended a sample siz8%¥3®As
opposed to a fixed percentage of the population, statistical methods are based on estimations of
sanpling distributions. This appears to be more statistically valid compared to fixed percentages
of the population. Schmitt et al. (2006) reviewed a number of applications of standard statistical
methods in maintenance sampling, such as the use of cordinteansals for a normal
population, the number of observations fortast of the mean, etc. Based on a random selection
of reliability levels, Selezneva et al. (2004) tested sample sizes until the corresponding sample
met the requirements of quality assnce. One novel method in determining sample size is by
optimizing the maintenance plan. The Latent Markov Decision Process (LMDP) is commonly
used in studies involving optimization techniques. LMDP is a classic approach to the
optimization of longtermM&R policies at the network level. LMDP aims to maximize
performance (e.g., higher LOM) within a given budget or to minimize costs within the desired
performance range. LMDP can, for example, be used to determine how routine maintenance,
resurfacing, andispection activities are assigned to a network. As part of the LMDP
optimization framework proposed by Mishalani and Gong (2009), sample size was considered a
decision variable. As far as sampling rate is concerned, there ibtilesesearch on LMDP. It
should be noted that unlike the two methods referred to above, the LMDP is designed

specifically for maintenancactivities ands flexible enough to be used for different assets. By
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minimizing the costs of sampling attte equivalent inconveniencaused by poor quality
materials and construction, Gharaibeh et al. (2010) optimized sample size. Since optimization
methods are complex, simplified assumptions are often foatlee probability function, which
compromises the fidelity of the mod@&lo ensure the accuracy of the construction of the
transition matrix, it is also necessary to have a good historical database to implement
optimization methods.

However, as previous researchers have pointed out, it is not only a matter of the quality
of measurements and the size of the sample that determines the accuracy of true population
condition estimates, but also of the correlation between asset conditdifisrant locations
(Mishalani et al., 2011 Distress surveying exhibitkis type of spatial correlation. Moreover, as
Mishalani et al. (2011) pointed out, smaller spatial correlations are associated with more accurate
estimations of asset conditionfiwh is not taken into account by simple random sampling and
stratified random sampling.

2.2.2 Spatial Sampling

This approach takes into account the unique spatial features of populations, such as
spatial autocorrelation and spatial heterogeneity (Goodchild et al. 1992; Ripley 2005; Wang et al.
2012). Researchers have applied a variety of spatial sampling techioiquioesin aspatially
balancedsample in various sampling applications. In spite of this, numerous challenges still arise
on a regular basis. For example, wiagplyingstratified sampling on or@r two-dimensional
populations, it is difficult to splitite entire population into spatially contiguous strata, especially
when there is variable probability or substantial variatiorspatialdensity (Stevens and Olsen
2004). The spatial stratification method can be applied to a wide range of situations due to its
ability to reduce heterogeneity in strata and its ease of collection of representative samples
(Wang et al. 2010). The method islinsiited for utilizing in the sampling procedure for
maintenance activities, especially in light of the needs of gatetion agencies in terms of

maximizing spatial coverage.

2.3. Pavement Performance models

An essential element of any PNagethe pavement performance moddleese models
describe how pavement conditions change over time and help engineers to understand future
needs and distribute the available funds in an optimized way, ensuring a serviceable pavement

network(Hudson 1979)The effectiveness of the pavement performance model depends, not
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only on the model's accuracy but also on the accuracy of the measured data. Effective
performance models yield effective pavement management and rehabilitation dekiog
(M&R), leading to expected results with the optimized usage of available res@NMASHTO
2012)

Pavement performance models can be categorized based on the modeling techniques
utilized. Common performance model types include mechanistic, mechamggidcal, and
empirical(Li et al., 2016) Based on the output from the models, they can be further classified as
deterministic and probabilistttA\ASHTO 2012; Li et al. 2016)

2.3.1 Deterministic models

Deterministic models estimate a single pavement condition rating or determine the time
taken to reach a certain value of pavement condition. In contrast, a probabilistic model explicitly
considers the uncertainty of the model and expresses the outputodishility of a particular
pavement change from one condition to another. Most state DOTs have focused on deterministic
models because they are easier to explain, interpret, and incorporate into PMS s{(i@otales
et al. 1982; Luo 2013; Zellner 198%)eterministic Models could be developed for a group of
pavements or pavements with similar performance characteristics or individual pavement
sections, and such models are called family models.

The pavements within a 'family’ usually have similar characteristics, like the same surface
type, functional classification, and traffic levels. As a result of these similarities, each pavement
in the family is expected to have a similar performatimoe-degradation(Luo 2013; Prozzi et
al. 2004) Though these family models may be adequate at the network level, they might not be
adequate at the project level because of the inherent uncertainty in using thosglnonodels
2013) For this reason, more robust models are needed, ones that embrace the concept of
uncertainty and can be used to predict future pavement conditions and to assess the associated
probability for those predictions to occur. A typical family model can beawgat if one adjusts
the age of the pavement, so the observed deterioration trend of the section matches the
deterioration of the pavements in that family. This adjustment is achieved by horizontally
shifting the observations of the section in time. Furtioee, this shifting may be done in
conjunction with the fitting (collective optimization), in sequence with the fitting (sequential
iterative optimization), or a combination of the t¢@hester and Allenby 201%igure3

illustrates how the individual pavements prediction curve is derived from the family curve.
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Figure 3. Horizontal shift family curve.

2.3.2 Uncertainty in performance models

There has been a growing observation that the predicted performance of pavement rarely
matches that observed in the field. This might indicate that the current pavement management
framework is failing to provide an optimum road systérfrastructure faces significant
challenges due to a variety of factors including inadequate funding, the impacts of climate
change, the maintenance and aging of physical assets, increasing interdependencies, geopolitical
security concerns, and overall cplaxity. These chaéinges contribute to a natationary effect,
creating dynamic and evolving conditions that impact infrastructure systems (Chester and
Allenby, 2019) However, the current PMS framework is stationary (where the analysis is
dependent purely on historical trends of the inputs for future predictions), and it cannot cope with
unexpected changes. In light of this, PMS should recognize the unceithigtgnt in the
performance modgdredictions when making decisions. In addition, decisions should be made by
recanizing the random behavior of all variables affecting the performance of the pavement. For
the development of a robust framework, a PMS should recognize the risk in the current situation
and appreciate the value of embedding flexibility to proactivelywliga uncertain
future (Chester and Allenby 2019).

The stochastic nature of pavement performance is due to many factors, including

uncertainties in performance predictions, uncertainties in treatments, uncertainties in data
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collection and quality, uncertainties in data collection frequency, uncertainties in budgets,
uncertainties in construction, etc. These uncertainties are all interconnected and affect one
another. In this research, emphasis will be made on the unceessagiated with the prediction
of pavement deterioration and data collection frequency.

The error in the performance predictions has several compoRersin defining the
model structure, Error collecting the measurements, and Sampling 8foveover, each error
type may beandom, systematic, or a combination of both. It is possible to reduce random model
error by improving the performance models to capture a phenomenon (e.g., models form and
input variables), and systematic model error can be reduced by model calibratjdyig$
minimization). The random measurement error can be reduced by improving the accuracy of
measurements (i.e., new improved technologies), and systematic measurement error can be
eliminated by appropriate equipment calibration. Random samplingcamdse minimized by
increasing the sample size, whereas unbiased sampling procedures should be adopted to
eliminate any systematic error. The primary purpose of developing performance models is to
predict distress (rut depth, IRI, cracking) growth witheior traffic. It is also anticipated that
there would be an associated error with predictions. The prediction error will be higher in the
case of a single predicted value than in the case in which the mean is predicted (Haider et al.
2011). This would a#fct the width of intervals for the values to be predicted. For example, if the
linear model is used to predict pavement condition, the 18¥dconfidencanterval for the

mean and a single responge shown inEquationrespectively.
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where;
(@) = predicted condition at age
tarz = value oft distribution withn - 2 degrees of freedom,
SE = standard error of the pavement index,
n = number of monitoring cycles,
Xi = age at time,
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o = mean age,

Y B o o

C = mean pavement conditiof) at a given age at time

Based orEquation(1) and (2) anincrease in standard error will lead to more uncertainty
and a wider prediction interval. Monitoring data collected over an extended period of time will
reduce uncertainty in the prediction at some extent; the ®smaad the term(x - X)* depicts
the spread ability of monitoring data with time and how far the prediction is to be Figuie4
shows the effect of the data spread, and how the uncertainty bands in the prediction increases

when the data is clustered just at the early age of the pavement.
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Figure 4. Confidence prediction interval based on the spread of surveyed data (a)
confidence interval based on early monitoring, and (b) confidence prediction interval based
on well-distributed monitoring (Haider et al. 2011).
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Figure 5. Effect of Surveying Frequency of distress data (a)}year, (b) 2years, (c) 3years,
and (d) 4years (Haider et al. 2011).

As part of their studies, Haider et al. (2011) evaluated how monitoring frequency
impacts performance predictidn. this work an exponential model was used tsditface
roughness (IRIas a function of timeThe results of this study indicadtthat (1) longer
monitoring intervals may underestimate roughness and overestimate life based on roughness, and
(2) a long monitoring interval increases prediction uncertafAnyS-shaped (logistic) model was
used to fit cracking in pavements. Based on thelt®st was found that (1) cracking appearance
should be captured in order to fit an appropriate cracking prediction model, and (2) longer
monitoring intervals may not have a significant impact on cracking prediction during the crack
propagation phase; howay cracking prediction will be subjected to a high degree of

uncertainty From a normalized cost perspective, comparing the results (roughness versus
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cracking), it appears that cracking can be monitored on an ibeesgl basis at aykar interval,
while roughness (sensbased) can be monitored at-#0i2-year interval.

In addition to the model structure and how accurately it may represent past condition
data, the predictions of the performance models may be affected by external factors that are
beyond the control of the modeler. A few of these factors are: Inherertilrgria
construction, variability in mix production, events associated with extreme weather, unexpected

changes in traffic patterns.

2.4. Probabilistic Models

Inherently, pavement performances are stochastic due to uncertainties in influencing factors such
as weather and traffic volumésobayashi et al. 2012). Therefore, it is crucial to incorporate
these uncertainties into the performance modeling process. The probabilistic model assumes that
the distributions of the parameters with uncertainties are known or can be derived and
incorpoited into pavement deterioration models, as showingure6. Based on théocusing
elements like time and performance measitige model, the probabilistic modeling methods
can be divided into three categories: condii@ased modeling, duratidmased modeling, and

parameter estimation based modeling.
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b A Performance Distribution

i A
Noe——— — === Performance Curve

Performance Measure (Condition)

LR S
-

Time (Age)

Figure 6. Basic framework of probabilistic modelingmethodsfor pavement performance.
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2.4.1 Condition-based Modeling

In accordance with the performance distribution showFigare6, pavement condition
based modeling methods are the ones that focus on pavement condition performance measures
represented by the vertical axis. The future distribution of pavement performance is investigated
and used to predict future performance. Modleds fall under the conditichased modeling
category include Markov models (Abaza 2021), fuzzy models (Jeong et al. 2017), and logistic
regression models (Boris et al. 2021).

According to the Markov model, the future state of the pavement depends on its current
state, but not on its previous state. Next, it defines the transition matrices of degradation
probability of finite performance states to illustrate the uncertaintiyeoperformance. Finite
pavement performance states can be obtained by redividing a performance measure with a large
range or using discrete performance measures with a small range. It is possible to further
categorize Markov models based on the assungtitade about the transition probability
matrix, such as: homogeneous Markov chain models, staged heterogeneous Markov chain
models, norhomogeneous Markov chain models, sémarkov chain models, hidden Markov
models, etcA homogeneous Markov chain modetjuires only a few sample data. As an
example, PéreAcebo et al. (2018) presented transition probability matrices for-{le@edata
collected every halfear.Mohammadi et al. (2019) proposed a methodology for developing
transition probability matricelsased solely on two datasets. In spite of this, the transition
probability between pavement performance states varies because of factors such as environment
and traffic. Thus, the nonhomogeneous Markov chain model assumes a more realistic transition
probalility matrix than the homogeneous Markov chain model and sthgetbgeneous Markov
chain model. Also, serMarkov models are more flexible in pavement performance modeling
(Zhang and Gao 2012; wu et al. 2015; Zou et al. 2021), and they have betterquredictiracy
than homogeneous Markov chain models and sthgaetbgeneous Markov chains. Furthermore,
semiMarkov models have great application potential with sufficient data (Thomas and Sobanjo
2013).1t has been gradually discovered that the hidden Markov model can reduce observation
errors in pavement performance modeling (Lethanh et al. 2012).

Fuzzy methods use fuzzy set theory to incorporate the uncertainty of pavement
performance via membership functioBecifically, fuzzy logic transforms numerical values

into linguistic or qualitative terms using membership functidiss approach can use expert
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knowledge and previous experience of pavement performance modeling (Jeong et al. 2017;
Soncim et al. 2019) or consider qualitative factors that may affect pavement performance (Terzi
et al. 2013). Additionally, fuzzy regression sets regression coeffi@sritezzy values, which

further captures pavement performance uncertainty.

Logistic regression is typically employed to model categorical performance measures and
can predict the probability of each performance measure category. It has good interpretability
and is sensitive to the change of influencing factors. Li (2005) for geaieveloped a series of
binary classification models based on sequential logistic regression.

2.4.2 Duration-based modelling methods

In accordance with the time distribution showrrigure6, a duratiorbased modeling
method focuses on the duration of time when pavement conditions reach a specific level, i.e. the
horizontal axis. These methods assume the duration will follow a specific probability
distribution. There have been several typeduration models used to model pavement
performance over the years, including parametric, semiparametric, and nonparametric models

Parametric duration models are suitable for describing pavement deterioration (DeLisle et
al. 2003). Pavement segments' survival probability is mainly determined by the semiparametric
duration model (Nakat and Madanat 2008). Nonparametric duration moelaisitable for
comparing survival times between groups (Li, 2010). There have also been studies of some
special duration models, such as competing risks and fragility models. There is the possibility of
taking into account multiple results in the compgtiisks model. Based on competing risks,

Inkoom and Sobanjo (2019) analyzed pavement cracking failure time and survival probability
during different hurricanes. Additionally, Inkoom and Sobanjo (2020) used a multilevel
competing risks model to analyze tiheterioration of multiple pavement distresses under
hurricane conditions and examined their correlation.

2.4.3 Parameter estimationbased modeling methods

In contrast to the two types of modeling methods discussed above, parameter estimation
based modeling focuses on modeling the full process shokigune6. This method focuses
mainly on how pavement performance curve parameters vary over time under the assumption
that they follow a certain probability distribution.

A typical parameter estimation method is the Bayesian approach. As depiEtgdra®t,
theBayesian method calibrates the parameters in the pavement performance model using random
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variables based on Bayes' theordinthen determines the uncertainty of pavement deterioration

by combining prior information and sample data of pavement datdinatigt calculates the

posterior probability distribution. The uncertainty of pavement performance is often captured by
Bayesian methods using sampling techniques such as Markov Monte Carlo simulation (MCMC).
TheBayesian approaches focus on the model parameters; therefore, they can be used to analyze
the uncertainty of pavement performance Hdaseexisting models (Inkoom and Sobanjo 2020).
Further, the Bayes' theorem allows the methods to combine prior knowledge with sample
information; therefore, prior knowledge, such as historical experience or expert opinions, can be
used in parameter caldition prior to the acquisition of sample data. The resulting improvement

in model parameters will allow the model to be updated with new observations and reduce the
impact of insufficient historical pavement data (Heba and Assaf 2018; Arded@nez and

Mrawira 2011). When pavement observation data is limited, the multilevel Bayesian method is
well suited to estimatthepavement performance parameters. Through ayosgp calculation,

this method constructs a robust multilevel prior distribution to minimize estimation errors caused

by the prior information.

2.5. Uncertainty quantification methods using Bayesian inference

2.5.1 Definition of Bayesian Inference
Bayesian inference approach with Markov Chain Monte Carlo simulation is an extremely
powerful tool to estimate the uncertainty and statistics of the unknown parameters of a model
(Hong & Prozzi, 2006; Zellner, 1983 ayesian inference takes the prior knowledge about the
parameters to be estimated to arrive at their posterior distribution and its typical framework is
shown inFigure?. Zellner(Zellner, 1983)escribed this process as indicated in EqudBhn
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Wheref(Y| d) denotes the posterior distribution of the paramegtagszen the explanatory
variableX and dependent variab¥ d consists of parameters to be estimat@d;d) denotes the
likelihood of the observed data given the paramefeasdp(d) denotes the prior distribution of
the parameter seft

In the classical frequentist view, material models are characterized by unknown but fixed

parameters and are therefore deterministic. Due to their fixed nature, confidence intervals can be
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constructed in frequentist inference for parameter estimators based on the assumption that errors
are normal. In the framework of frequentist inference, confidence intervals are interpreted as
follows: If a 95% interval estimate is repeated for a verydangmber of samples, 95% of the
intervals are likely to include the true population parameter. In this way, frequentist inference
does not directly quantify parameter uncertainty but rather quantifies the accuracy and variability

of the estimation process.
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Figure 7. The basic framework andfeaturesof Bayesian methods.

In the Bayesian approach, the variables in the model are no longer treated as
deterministic but rather as random variables. Thus, instead of a-galgésl function, the
solution is expressed in terms of the probability distribution of the model paranistaiczally,
posterior densities are expressed as credible intervals: a 95% credible interval indicates that 95%
of the region contains the true population parameter. Therefore, the Bayesian perspective is a
natural way to quantify model uncertainty sintcerovides densities that can be propagated
through the various analysis steps.

2.5.2 Markov Chain Monte Carlo (MCMC) Method

Bayesian inference involves heavy computations when calculating the posterior

distribution. In order to solve the problem of posterior distribution calculation, MCMC has been
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specifically developed. The MCMC technique involves randomly sampling in a probabilistic
space to approximate the posterior distribution of a parameter of interest in a model.

As the technique involves multiple steps, different methodologies have been developed
for it. The methods employed in this study include the Metrogtdistings (MH) (Metropolis et
al. 1953; Hastings 1970) and Gibbs sampling techniques (Gelfand and S&0)h An
algorithm based on Metropolldastings involves attempting to move randomly within a sample
space, sometimes accepting the move and sometimes remaining statddmamgver the next
point is more likely than the existing point, the move will beepted. This move, however, may
be rejected if the next point is less probable. The greater the drop in probability, the greater the
likelihood of the new point being rejected (Chib and Greenberg 1988)Metropolis sampling
algorithm can be summarized as follows:

The MH algorithm issues a new valdethased on the current sampldor the model in
Equation(3) and the proposal functiag{d * i}, Wwheredis known as the parameters of a target
distribution function in this study. In most cases, the proposal function is known as a Gaussian
distribution, which means the points closeditare more probable to be selected than points far
from di. The proposal function must be symmetric in the MH algorithm;gd.* i} =d q|( d* )

A new nominee will be admitted at an acceptance ratg(qjf *y=min Sq(qi | 9™ "6Y) 1
eal@l gprC )

wherep(d )[is Yhe target distribution function. The-M algorithm includes the following steps:
1) Assign arandomvaluegfati = 1,2, 3, €, n
2) Generateg* fromg(d * i); d

3) The acceptance rate is calculated- sy=min 9@ | 9P *fY) 1
A AR L)

4) Based on uniform distributidd[0,1] issue a random numbgs;

5)Ifjo< ,then assigdi:1= fefse assigdi+1= i;énd goto 2)for=i+1.

The optimal acceptance rate depends on the target distribution and is based on Wang and
Ling (2017).Gibbs sampling is a special case of Metropidbstings in which the newly
proposed state is always accepted with probability one (Gelfand and Smith 1990).

2.5.3 Hierarchical modeling

Hierarchical modeling is a modblilding technique that is used to break a large and

complex Bayesian model into manageable layers and then combine the layers in a hierarchical
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manner.The idea of writing the model in a hierarchical form for simplification in uncertainty
guantification can be demonstrated in the following example (Reich and Ghosh 2019). If the
joint distribution of three variables y, zare to be specified, it would be challenging to directly
fit a multivariate joint distribution for them. However, the joint distribution can be written as
shown inEEquatiors (4) and(5).

f(xy, 2= (X (Y1 % f(4 xYy 4

fxy, = (9 (v ¥ (4 xy ©)

wheref(x) is the distribution of the variable f(y|x) is the conditional distribution of

under the conditiow; f(z|x,)) is the conditional distribution afunder the conditiom,y; f(z|y) is
the conditional distribution af under the conditiog. The model is represented as a directed
acyclic graph (DAG) shown iRigure8.
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Figure 8. Decomposition of calculating joint distribution of X, Y, Z, (a) corresponds to
Equation (4) and (b) corresponds to Equation(5).

As a result of the application of Bayes' theorem to the variables, a multivariate
distribution can be converted to three univariate distributions. Variables are ordered so that each
conditional distribution depends only on its previous variable, so iedigtribution on top will
be valid. Additionally, this model decomposition maintains its flexibility.

In general, hierarchical models consist of a data layer, a process layer, and a prior layer. It
is important to begin the modbulilding process with the process layer because it contains the
scientific processes as well as the parameters of interestlatdné&ayer relates the data to the
process with bias and error. Prior layers quantify the uncertainty of model parameters at the
beginning of the analysis.

The hierarchical model has been successfully applied to various areas such as ecology
(Lee 2013), estimation of COVHD9 spread (Lee et al. 2021), in marketing applications
(Pedersen and Rutter 2022), in clinical trials and medicine (Hannigan et ali2022),

ecotoxicological risk assessment (Khan and Roy 2022), HIV dynamic model (Huang and Wu
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2010). The models involved varies from simple linear regression model to the dynamic
differential equation model, which indicates the feasibility of applying pavement performance

deterioration model in the hierarchical modeling method.

2.6. Spatiotemporal Variation

The term "spatiotemporal models" refers to models that are based aoltksteed both
across time and space, and that has at least one spatial and one temporal charagecastic,
spatial refers to space, and temporal refers to threpatiotemporal dataset describes an event
as a spatial and temporal phenomenondkests at a certain time t and locationPMS data
usually varies from one geographic location to another over the course of time. In order to reduce
the uncertainty associated with spatiotemporal variations, it is essential to include the variations
dueto space and time and their interactions in the model.

Spatial and temporal variations and their interactions are explained by a variety of
spatiotemporal models. An example of a general spatiotemporal model may be found in
Equation(6) (Bivand et al. 2008)

Y=1(X) ¥4 & (6)
Where,
i = represents each observation;
Yi = is the response observed at locati@nd time it
f(X) = is the estimated value of the model with its respective covariates;
Z =is an error (residual) correlated across space and time;
a = is the random error which is independent over i

The spatiotemporal model has been successfully applied to various areas such as accident
analysis (Wen et al. 2019), estimation of traffic crashes on the road network (Zeng and Huang
2014), prediction of social network data (Wang et al. 2016), in envinotaingcience (Huang et
al 2021), in economics (Tu et al. 2004), in clinical trials (Yao 2021). The models involved varies
from simple random effects model to the dynamic differential equation model, which indicates
the feasibility of including spatial teropal variation in pavement performance deterioration

model.
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2.7. Extreme Events and Climate Change

Extreme flooding events, linked to climate change, have increased in both frequency and
magnitude. The US Department of Commerce (2019) highlighted that 75% of historical
presidential disaster declarations in the United States were due to flooding.t&his da
underscored the urgency to understand and mitigate its effects on transportation infrastructure.
Recent studies (CRED et al., 2019; Barlow et al., 2019; Meyer et al., 2014; Tabari, 2020)
identified flooding as a major concern, noting that intense ptatgn events further heightened
the risks, affecting roads and highways during emergencies.

The rising frequency of floods exposed the shortcomings of current pavement designs,
which were based on historical climatic data. Such designs did not adequately predict the
challenges posed by future climatic events, putting road safety and longeaisky(&iao et al.,

2020; Dylla and Hyman, 2018; Lu et al., 2018b; Oyediji et al., 2019; Sultana et al., 2018).
Several factors influenced pavement deterioration after floods. Specifically, thinner asphalt
pavements showed more damage than Portland ceomrete pavements peffboding
(Gaspard et al., 2007; Helali et al., 2008; Zhang et al., 2008; Sultana et al., 2014; Lu et al.,
2018a). Damage was further exacerbated by fladdced traffic, especially by heavy vehicles
used in emergencies. Effectiveatitage systems, however, could reduce some of this damage
(Romanoschi, 2019; Sultana et al., 2016b; Lu et al., 2018a). Additionally, the amount of water
retained in the subgrade, especially in low permeability base layers, played a role in pavement
damagedElshaer et al., 2019; Asadi et al., 2020).

2.7.1 Modeling the Impact of Flooding on Pavements

In the realm of predicting pavement performance, modeling was undeniably crucial.
While traditional models predominantly followed deterministic or probabilistic frameworks,
machine learning subsequently emerged as a modern alternative (Bashar antfaciiies
2021; Yamany et al., 2021). Furthermore, the integration of Markov chains and Monte Carlo
simulations proved to be particularly effective in modeling the impact of flooding on pavements
(Khan et al., 2014; Khan et al., 2017a).

Vallés-VallesandTorresMachi (2022 study on the Colorado floods provided valuable
insights. They gathered detailed pavement data and used Homogeneous Markov Chains to study
pavements under flood conditions. Their study differentiated between flooded afidau=d

27



pavements and found faster deterioration in the former. Based on the pavement conditions, they
proposed three models:

1 Delayed Impact ModelThis suggests that flooding causes a postponed effect on

pavement deterioration. Even after a flood event, there's no immediate significant decline
in pavement quality.

1 Immediate Loss ModerThis model indicates an immediate substantial reduction in

pavement condition po$iboding. However, the lonterm deterioration rate remains
unchanged. This means that after the flood, the pavement continues to degrade at its usual
rate, unaffected byhe initial flood damage.

1 Combined Effect ModeThis model amalgamates elements from both the previous

models. The pavement sees an immediate decline in condition after the flood, and the

long-term rate of deterioration is also impacted.

Furthermore, they employed Monte Carlo simulations to grasp the uncertainties in
deterioration. Markov chains forecast pavement states based on transition probabilities, and
when paired with Monte Carlo simulations, allowed for a comprehensive explovapotential
outcomes by factoring in the randomness and uncertainties associated with flooding events
(Khan et al., 2014; Khan et al., 2017a). Their main takeaway was that flooded pavements,
especially those initially in good condition, had a notably teimed lifespan.

Vallés-Vallés and Torredlachi (2022)study, while comprehensive, overlooked the
potential of uncertainty bands to effectively capture deviations in pavement performance from
the norm. This oversight could have provided clearer insights into the pertasid
performance shifts of pavemenggditionally, the models presented by Saad (2014) and Mallick
et al. (2017) displayed scalability issues, limiting their applicability to broader contexts.
Furthermore, the works of Shamsabadi et al. (2014) and Hadtaei et al. (2015), despite their
robust methodologies, required normalization steps, reducing their adaptability to diverse
scenarios. These collective limitations underscore the necessity for future research to bridge

existing gaps and refine the cemt understanding.

2.8. Traveling Saleperson Algorithm

The Traveling Salesperson Problem (TSP) is a-reskarched optimization challenge

that has captivated the attention of many researchers over the years. The Traveling Salesperson
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Problem revolves around finding the shortest possible route for a salesperson who must visit a
set number of cities and return to the starting point (Jonker and Volgenanat, 1983). The
challenge lies in its combinatorial nature; as the number of citiesaiges, the number of
possible routes expands exponentially, making it computationally intensive to solve for large
instances.
2.8.1 Asymmetry to Symmetry
One of the pivotal works by Jonker and Volgenant (1983) showcased hesyrametric
TSP could be transmuted into a symmetric variant. This transformation leveraged the concept of
dummy cities and strategically adjusted distances to yield a more manageable problem.
Following this, there was a push to derive more efficient algorithms that could solve this
redefined problem, paving the way for Held and Karp's influential work.
2.8.2 Dynamic Programming solution
Held and Karp (1962) made a seminal contribution by proposing a dynamic programming
formulation. Ths methal, revolved around the relationships between city subatish offered
a fresh perspective and a more systematic approach to extracting the shortest path. However, the
needfor morecomputationally efficientechniques was relentless, leading to the introduction of
branching strategies.
2.8.3 Cutting Plane Method
A milestone in the development of TSP solutions was the cutting plane method
introduced by Dantzig, Fulkerson, and Johnson (198#ir work laid the groundwork for
subsequent branching techniques like the braamdkcut and branclandbound methods,
devised by Padberg and Rinaldi (1990) and Land and Doig (1960) respectively. The success of
these methods underscored the potential of sapproaches.
2.8.4 Heuristic Approaches
Given the complexity of the TSP, heuristic methods were developed to provide
approximate solutions in a shorter computation time. Two prominent heuristic methods include
the 20pt technique by Croes (1958) and th@3 approach by Lin (19§5Another significant
heuristic is the LirKernighan method, which incorporated a flexibl®gt mechanism
integrated with limited backtracking.
The Traveling Salesperson Problem, though seemingly simple in its description, poses

complex challenges that have led to the development of a rich body of literature and
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methodologies. From dynamic programming to heuristic methods and advanced
implementations, the approaches to the TSP are as diverse as they are innovative, reflecting the
problem's significance in both theoretical and practical dom@éresrelevance of theSP

extends far beyond its academic interest. Specifically, when applied-twaddlchallenges

such as optimizing pavement performance surveying routes, the solutions derived from TSP
algorithms demonstrate significant practical value. By determining tis¢ effacient route for
surveying pavement conditions, agencies and organizations can optimize their resources,
minimize transit times, and increase the frequency of surveys without incurring additional costs.
The direct implication of such optimizatiethat road infrastructures can be assessed more
frequently and maintained proactively, leading to safer road conditions and prolonged pavement

lifespan.

2.9. Knowledge Gaps

Pavement management plays a pivotal role in maintaining the functionality and safety of
road networks. It involves not only the maintenance of existing infrastructure but also the
accurate prediction and effective management of pavement deterioratidimeddespite its
critical importance, current methodologies in pavement management encounter notable
challenges and research gaps. These challenges include:

1 Currently there is no appropriate method of quantifying the uncertainty associated

with pavement performance deterioration models.

1 While it is evident that the PMS data exhibit spatiotemporal variations, there is still a
significant research gap in the area of including spatiotemporal variations and their
interactions in pavement performance deterioration models, as well as qugrttfyin
uncertainty related to these interactions. Additionally, the inclusion of these
uncertainties reduces the uncertainty in the prediction and also provides estimates that
are closer to the true estimates.

1 Current models may not consistently predict pavement performance across different
climates and geographies. As a result, a model trained on data from a temperate
climate may not accurately predict pavement performancg@ographical location
with extremeclimate. The research gap in developing models that adjust or

recalibrate based on geoclimatic conditions is evident.
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1 While general climatic conditions are often considered, the impact of extreme
weather events, such as floods, hurricanes, or extreme temperature fluctuations, on
pavement performance isn't comprehensively integrated into many models. As
extreme weather exes become more frequent due to climate change, understanding
their influence becomes increasingly crucial.

1 Additionally, there is no proper procedure for reducing the degree of uncertainty in
the predictions. In addition to calibration procedures for stade design models
(such as those for Pavement ME Design equations) based espsaiic conditions,
there does not appear to be a methodology for updating the design predictions made
with those models based on historical trends observed in the PMS distress database.

1 The majority of DOTs survey pavement distresses every other year or every year,
which poses a barrier to collecting important details quickly andeftesttively.

There is a significant research gap in the area of dynamic decision making regarding
the frequency of pavement surveying based on the distress risk probability of a

pavement segment.
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CHAPTER 3. DATA PROCESSING

Chapter 3 serves as a foundational chapter, focusing on the detailed intricacies of data
organization, extraction, and interpretation. As illustrated in the schematic of Figure 1, this
chapter establishes a vital connection between the methodologiesigidsiabout pavement
performance models discussed in Chapter 2 and the real data on North Carolina's pavement
conditions, which will be further highlighted in subsequent chapters. It lays the groundwork for
the systematic data processing strategies teatssential for the nuanced analytical and
modeling exercises undertaken in later chapters, particularly for uncertainty quantification in
Chapters 4 throughO. The analysis across these chapters is underpinned by the data processing
and cleaning methods introduced in this chapter, along with their respective fundamental
concepts, ensuring that this information is readily accessible and contextually relesactt in
chapter. The rigorous data processing techniques and methodologies adopted in Chapter 3 ar
pivotal, as they ensure the robustness and reliability of the data, forming a solid foundation for

the sophisticated analyses that follow

3.1. Pavement Condition Rating System in NCDOT

The NCDOT employs a composite index known as the Pavement Condition REZing (
PCR to assess the state of its pavements. This system utilizes dasaat matrix that subtracts
points based on the observed distresses on the roadway. Starting with a maximum value of 100,
indicative of an ideal roadway, points are deducted in relatitimet severity of damages noted
during inspections. The deduction values incorporated in this matrix have been determined by
the experienced engineers of NCDOT.

An index, like theNC-PCR is crafted to transform tangible distress data into a single
value, providing a measure of the overall health of the roadway network (Baladi et al., 2011). In
this regard, the NCDOT releases a manual for the surveys, outlining the methods to measure
boththe type and severity of distress. Severity is categorized as low, medium, or high, with
assigned deduct values based on these categories (NCDOT 2011).

To gather data on pavement performance, the NCDOT employs both traditional
windshield surveys and modern automated surveys (from 2013). For the purpose of this research

automated distress survey data was considered for further analysis.
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3.2. Methodology

For the scope of this research, the analysis focused on the pavement conditions of flexible
pavements on both Interstates and US Routes within North Carolina, spanning the period from
2013 to 2020. The NCDOT initiated an annual automated survey for {esécsroutes from
the year 2013. This detailed survey provided an inventory of individual pavement distresses.
Each type of distress is recorded in its relevant unit, for instance, alligator cracking is measured
in square feet, while longitudinal craclims documented in linear feet. This gathered data
subsequently serves as input to computé\tid>CR The deducedlC-PCR is systematically
reported in segments of Glile each. This data is made accessible through the NCDOT PMS in
the form of geereferenced shapefiles.

The diverse types of distresses cataloged in the flexible pavements of North Carolina
encompass alligator cracking, transverse cracking, rutting, raveling, oxidation, bleeding, ride
guality, texture elevation, and patching. Notably, the NCDOT PMS feadurexiule that logs
the construction date as well as details of the most recent rehabilitation action applied to each
segment. This database is updated on an annual basis and comes with georeferencing for
enhanced utility.

To cater to the objectives of this research, the dataset was initially downloaded, followed
by its organization and filtration. The process of organizing involved aligning the different
shapefile layers to ensure coherence and consistency. The NCDOEsRéferencing System
digital file, a representation of the state's roadway routes and their corresponding attributes, was
employed as the foundational base layer. All other layers were juxtaposed and synchronized with
this base layer, ensuring that thatitributes were accurately mapped onto it.

After completing the alignment process, all the information was integrated into the base
layer.This consolidation revealed a total of 104,727 individual segments, eachrofl@.Upon
examination of the surface mix classifications, 51 distinct surfaces were discerned. These ranged
from modern Superpave mixes to earlier ones based on the Marshall mix design. Intriguingly,
out of all these surfaces, the S9.5B and S9.5C mix typed std as predominant, accounting
for approximately 26% and 36% of the fateagments, respectively.

It's worth noting that while this research predominantly focuses on data until 2020,
Chapter 9 provides insights into the years 2021 and 2022. These years were included as the data

was not available until the time when the analysis presented in Chapter 9 was being performed.
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Pavement sections that were documented to have undergone rehabilitation after the year
2013 were excluded from the data Séie rationale behind this exclusion was the research's aim
to develop a model centered on pavement deterioration. The presence of recent rehabilitations
could disrupt the natural deterioration trajectory, thus skewing the results.

After this filtration, the dataset was pared down to 40,977 individual segments, each of
which spans 0:-Inile. These segments aren't just arbitrary data points; they can be distinctly
identified based on two primary criteria: the specific type of roador&tthey belong to, and
their correspondinlC-PCRrange. These segments are graphically represenkagure9 and

Figurel0and segregated by functional class BitdPCRvalues as 02020.
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Figure 9. Road network considered for analysis showing Interstate and US routes.
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3.3. Anomaly Detection

Even after eliminating sections that had known rehabilitation interventions, certain
anomalies persisted in the remaining dataset. Some of these irregularities manifested as sudden
jumps or sharp declines in the&C-PCRtrends. These unexpected fluctuations could potentially
be attributed to random measurement errors, data entry discrepancies, or other unaccounted
factors. To offer a specific example, one such segment, labeled 20600074090 and measuring 0.1
mile in length posed a curious case. While thereauwgo records of it being rehabilitated post
2013, itsNC-PCRvalue showed a marked increase from 71.4 in 2017 to an impressive 94.7 by
2018. Such anomalies underscore the importance of rigorous data validation and the
complexities inherent in larggcale pavement analyses.

Upon observing the elevated PCR value in 2018, the initial assumption was that the
segment might have undergone some form of rehabilitation that year. However, a scrutiny of the
video data logs, captured by the automated distress survey vendor, comtrduscassumption.

The detailed examination of the photographic images of thahlelpavement segment, as
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showcased ifrigurell, indicated no signs of rehabilitation. This figure visually compares the
state of this section in both 2017 and 2018.
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Figure 11. Photographic proof of pavement section with Route ID: 20600074090 in (a) 2017
with NC-PCRvalue of 71.4, and (b) 2017 wittNC-PCRvalue of 94.7.

While the data collection and analysis process is largely automated, minor variances from
one year to another are anticipated. These variations can stem from several sources: alterations in
the artificial intelligence algorithms used for distress idemifan, inconsistencies in the image
collection methods, or other unforeseen factors that may not be readily identifiable. In order to
detect and understand patterns where the likelihood of such anomalies is amplified, a
comprehensive pilot study was undden.

To ensure the integrity and reliability of the datassgd in the studyn Absolute
Percent Differenc@APD) criterion was instituted. Sections wiih APD of more than 10%
between consecutiveC-PCRvalues were flagged for further review. To investigate, 300 of
these sections were randomly selected and checked using video data logs. The process of this
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analysis is shown iRigurel2. From this data, the research team identified six specific
situations. For these situations, the data was either adjusted through interpolation or certain
sections were removed.

Six Anomalous
Patterns

Sampled 300 Sections Video Data Logs

Figure 12 Depiction of anomaly detection.

A detailed explanation of this can be foundrigurel3, where A, B, C, and D are the
NC-PCRvalues for the years 2013, 2014, 2015, and 2016, respectively. Each situation is
described in detail below:

1 SituatiorO: If the APD between A, B, and C was less than 10%, then no issues were
flagged,and no additional processing was needed.

9 Situationl: If B was greater than in A and C by 10%, then B was considered an unrealistic
measurement. Situatieh could be realistic if the section had been rehabilitated in 2014
and this activity had not been reported in the PMS. Thus, to evaluate the probabiliy of thi
occurring and erroneously labeling a rehabilitated section as Sitdatidren it was not,
the authors reviewed the photo logs of a subset of approximately 100 pavement sections
that exhibited this pattern. From this review, 80% of thetp logs showed no clear
evidence of any asphalt overlay or major treatment. Therefore, in a section with this pattern,
the value fothe year2014 was replaced by the average of A and C. A total of 461 sections
were corrected using this filter.

1 Situatior2: If B was lower than A and C by 10%, then D was evaluated. The following
refers to actions taken based on the value of D.

o D was greater than A, and tiNC-PCR has an increasing trend that could be
associated with a possible rehabilitation not reported in the PMS. A total of 814
sections were excluded.

o If D was less than A, the section followed a trend like Situatiomeaning that B
and C can be considered erroneous measurements, replaced by interpolation using
A and D values. A total of 2,084 sections were corrected with this filter.

1 Situation3: If B and C were increasing by 10% with respect to A, then the values in these
sections were considered unreliable weraoved A total of 298 sections in this situation
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were discarded.

Situation4: If C was greater than B by 10%, and its magnitude was also greater than A,
then the deterioration from these sections was inaccurate. In consequence, a total of 2,034
sections with this trend were excluded.

Situation5: If B and C were greater than A by 10 %, then the section might have received
maintenance not reported in the PMS. As a result, 1,470 sections in this situation were
excluded.

Situation®6: If the value of A was greater than 80, and if B and C were decreasing with
respect to A by a value greater than 10%, then this steep deterioration rate seemed
unrealistic. These sections were found to be outliers considering the overall deterioration
trend of all the sections. In total, 750 sections in this situation were excluded.

Because of these filters, the sections were reduced to a final set of 30,988.
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Figure 13. Overview of six situations where data cleansing considerations were made
3.4. Clustering Based on Spatial Correlation

In this study, the need to cluster pavement segments necessitated identifying nodal points
as a basis for this clustering. Given the absence of more definitive nodal points, the decision was
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made to use the locations of asphalt concrete mixing plants in the state as these nodes. This
approach assumes that pavement sections nearer to a particular plant are more likely to utilize
similar types of asphalt mix from that source, thereby experigrmumparable climatic

conditions. This rationale is not to imply other clustering methods (such as grouping based on
distinct climatic zones, traffic patterns, or administrative territorial divisions, each having its
unique implications and applicationgkdess valid but is chosen in the context of this study's
specific focus. It's important to note that while this method has its limitations, it serves the
purpose of this research within its defined sd@pst data refinement, the team conducted a
spatial analysis to identify the proximity of each pavement segment to the nearest asphalt
concrete manufacturing facility. Thégmalysisnvolved utilizing a spatial join method,

employing two datasets: one detailing the geographical coordinates of asphalapthttie

other containing the latitude and longitude of each pavement segment. Both datasets were
synchronized into a unified Coordinate Reference System (CRS). Pavement sections were then
matched to the nearest asphalt plants if they were within 500QUGIRSThe choice of 5000

CRS units as the threshold for proximity in our spatial analysis was determined after extensive
review of the geographical spread of asphalt plants and pavement segments. This specific
distance was selected to ensure that thenitapf pavement segments would fall within a
reasonable proximity to an asphalt plant, while also considering logistical and practical aspects
of asphalt transportation and use in pavement construction. This approach helped in creating a
balanced and efttive framework for analyzing the spatial relationship between pavement
segments and their nearest asphalt manufacturing faciftiglsistering analysis was performed

on the refined dataset using the DBSCAN algorithm in R. This process categorizdtmaptsa
based on their spatial relation to pavement sections. The methodology also flagged outliers that
did not fit into any specific cluster.

A resulting integrated spatial dataset emerged, linking each pavement section to the
closest asphalt plant within the set proximity limits. The data was further harmonized, merged on
common identifiers, and any data inconsistencies were addressed. rer ¢latity, a clustering
analysis was performed on the refined dataset using the DBSCAN algorithm in R. This process
categorized asphalt plants based on their spatial relation to pavement sections. The methodology

also flagged outliers that did not fitacany specific cluster.
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Upon completion, 43 distingpatial clustersvere visualized, as seenkigurel4. The
goal wasn't to evaluate individual asphalt plants but to detect spatial patterns to enhance the
study's accuracy. The cleaned data had a net of 26,365 pavement sections. These sections were
categorized by their surface mixture type and traffic ldwelaking them dowhy surface type,
Dense Mixeor High Friction CourseHFC) Mixes. Finally, siteswere segmented based on
Annual Average Daily TraffiiAADT).
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Figure 14. Color-coded pavement section clusters for asphalt plants.

3.5. Categorization of Pavement Segments

Once the database was cleansed, pavement sections were grouped into pavement families
according to their surface mixture type and traffic level. For surface type, two different mixture
categories were defined, i) Dense mixes and ii) HFC mixes.

Dense mixes are all Superpavased mix designs with either a 9.5 mm or 12.5 mm
nominal maximum aggregate size. The designations for these mixtures are S9.5A, S9.5B, S9.5C,
S9.5D, S12.5B, S12.5C, and S12.5D, where the 'S' designates the mixture wasl dessigne
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surface course, the last letter-pA designates the truck traffic category, ‘A’ for the lowest and
'D’ for the highest traffic category, respectively. The primary differeet@een each traffic
levelis in the design compaction effort, stricter asphalt pavement analyzer rut depth
requirements, and asphalt binder grades. Similarly, the HFC mixes consist of either Open
Graded Asphalt Friction Courses (OGAFC) or Ultrathin Bounded Wearing Colf$BS\(C)
dueto their shared characteristic of providing enharsarface friction. This increased friction is
crucial for improving vehicle grip and safety, particularly in conditions where the pavement may
become slippery.
After grouping the sections by these two mix categories, these were again classified into

four categories based on the AADT.

1. Categoryl, AADT < 8,960 (8,960 is the #5ercentile of the traffic on all

sections)

2. Category2 , AADT O 8,960 and AADT < 40,000

3. Category3 , AADT O 40,000 and AADT < 80,000

4. Category4, AADT O 80,000
The limit of these categories was defined based on the data distribution (8,960 I8 the 25
percentile of the AADT across all sections) and the AADT values defined in the NCDOT
pavement design guiddlCDOT, 2020 to establish the serviceability levels for pavement design
(40,000 and 80,000kigurel5(a & b) provides amverview of the number of sections and
asphalt plants in each traffic category, stratified by the mix type, both before and after the data

filtering process.
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Figure 15. Distribution of sections and asphalt plants in each traffic category.
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CHAPTER 4. PRELIMINARY QUANTIFICATION OF UNCERTAINTY IN THE
TRAFFIC CHANGE IN COVID -19 TRAFFIC DATA

As depicted in Figure hapter 4examines the impact of the COUI® pandemic on
traffic patterns in North Carolina and Virginia. The study highlights how pandetaited
closures affected traffic. There was an initial rise in traffic during the early stages-at-stay
home orders, follved by a decline after the full implementation of closures. Changes in traffic
volumes were most evident on Interstate routes, especially for passenger cars and buses. After
the most significant declines, traffic volumarsed to recover over the following weeks.

In this chapter, tha u t hirssighssire centrab the consideration of uncertainiyhey
critically addressed the limitation of 2019 traffic patterns as a baseline for 2020. To correct this,
the Candidate introduced a method to measure uncertainty. This method compared the expected
2020 traffic data, without pandemic effects, to theialc2019 data. This analysis led tnghor
to further study uncertainty and its importance in pavement management system forecasting and
decisionmaking.

The present work has been published in the American Society of Civil Engineers, Journal
of Transportation Engineering, Part A: Systems, 2021. This material may be downloaded for
personal use only. Any other use requires prior permission of the AmericiatySdcCivil
Engineers. This material may be found at https://doi.org/10.1061/JTEPBS.0000518.

4.1. Introduction

Transportation is a neseparable part of any society. It exhibits a very close relation to
that societyds |ifestyle, the range and | ocat
available for consumption. As such, transportation is resplenfor the development of
civilizations by meeting peoplebs traael need
movementhas changed the way people live and travel. In developed and developing nations, a
large fraction of peopleavelsdaily for work, shopping, and social reasons. However, transport
also consumes substantial resources like time, fuel, materials, and land. In the particular case of
the United States, transportation is facilitated by several modes like air, rail, road, and
waterwgs. Although, the vast majority of passenger travel occurs by automobile for shorter
distances and airplane (or railroads, depending on the region) for longer distances. Numerous
studies have shown how improvements and changes to transportation, wlestlage tthanges

to the size or number of infrastructure elements or the operational characteristics of the system
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that exists, can have consequences to society. For example, in traffic engineering, it is known

that given a demand curve for travel, the cheaper that travel is, the demand will be higher.
6Cheapb6 in the convention o &ant moneyshe vagdfs ec onom
between them usually having the result that time expenditures are of greater magnitude and

effect. This effect implies that the induced traffic is dependent not on the capacity itself, but on

the reduction in the time and/or neyncost of travel it produces (Goodwin & Noland, 2003). As

a consequence, the higher the traffic demand is, the higher the road congestion and greenhouse
emissions (Barth & Boriboonsomsin, 2008), also it has been shown that traffic congestion

impacts the eonomy by slowing job growth (Sweet 2014).

However, due to the level of interconnectivity between these two (society and transport),
transportation can also be affected when major changes happen to society, such as the COVID
19 pandemic. This disease emerged in China during late 2019 when ffieciltson Wuhan
(China) reported a group of pneumonia cases caused by an unknown agent, identified in mid
January of 2020 as SARSoV-2. By lateFebruary 2020 the World Health Organization (WHO)
released the first published considerations for the quagafdr individuals in the context of
containment for COVIBL9. Then a March 11, the WHO declared this illness tcalgobal
pandemic, and at the date of the writing of this article, there have been more than 40 million
cases reported in more than 200 different countries around the world (WHO 2020). In the United
States, the first positive case was reported inJaitliay, a man who became ill after returning
from Wuhan, China. After this first case, a few isolated cases started to appear in different states
and the number of positive cases increased slowly. However, on March 13 a national state of
emergency was declarefis of this writing, more than eight million cases have been reported
across the United States, and nearly 225,000 people have died of d®OVID

Soon after the WHO gave COVAID® the status of a pandemic, countries around the
world startedoreparing for an imminent closure of different types which translated into a change
in the daily travel patterns, i.e., a change in use of the public transport system, but also resulted
in a reduction in the total traffic volumes. Although the state ofgemey was declared for the
United States, the state of emergency andatéipme measures were implemented differently
across states. However, in general, after the gradual reduction of activities, the nation started to
report a reduction in traffic volaes by midMarch. The impacts of these orders on commercial

and recreational activities were substantial.
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According to the Bureau of Transport Statistics (BTS), nearly 87% of the total passenger
transportation and 41% of the total freight transportation is made using the road transport system
(Bureau of Transportation Statistics (BTS), 2017). As a resudtexpected that business
closures and other disruptions due to COMI®would have a substantial impact on roadway
usage. Consequently, since early March different actors such as Academic institutions (UM
2020), professional societies (ITE 2020), and consrakentities (Auto Futures 2020; Brookings
Institute 2020; Google 2020; MS2 2020) have monitored and quantified the reduction in traffic
volumes. Most of these studies were conducted in an aggregated way and reported results at a
national or state leveln general, a reduction of traffic volumes of 30 to 50% across the United
States miedApril were observed, later at the beginning of May traffic volumes started to increase
and by the end of July and m#digust, the traffic volumes still remained approxieia 10%
below the values typically observed.

Parr et al. (2020) conducted a more detailed analysis to evaluate the early impacts of the
pandemic in human behavior that resulted from the disease or fear of it and statewide directives
using the analysis of highway volume data of Florida road netwakegresentation of
personal activity and interaction. Traffic patterns before and during the GCO¥IB Florida
were evaluated using a quasitural experimental design of before and after, considering traffic
volume as the key variable of interest. Guared to similar days in 2019, overall statewide
traffic volume dropped by 47.5%. The authors found that the decline in traffic volume in
locations closer proximity to the epicenter of the outbreak was less than outside of this area and
people closer to thepicenter continued to travel more early on despite being at a higher threat.
However, traffic both inside and outside the epicenter obthiereaknoticeably decreased after
schools closed. The authors pointed out that urban areas across the staraexpa significant
decline several days before rural areas, but there was significant variation between the decline.
Also, the traffic decline on arterials was not consistently different until five days after declines
on freeways. This result showedtipaople reduced travel for longer trip purposes, such as work
trips, but continued to make local trips for nearly an extra week. However, it was pointed out that
the data from the study did not have a definitive explanation on trip purposes; therefore, th
authors noted that supplementary data should be collected for further research on this topic.

A more complex evaluation has been performed by the Maryland Transportation

Institute, which has analyzed the implications in both mobility and human behavior across the
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United States. To do so, the research team utilized priwantgcted mobile device location data,
integrated with COVIB19 case data and census population data, to produce a E9ViBpact
analysis platform (SERA: Society and Economy Reopening AssesSm@hthat could inform

users about the effects of COVII® spread and government orders on mobility and social
distancing (Zhang et al. 2020). The interactive analytical platform is being updated daily so that
it can be continuously used by decisimakes to examine (in near real time) the impacts of
COVID-19 on their communities. As a result of this work, the researchers have proposed the
social distancing index (SDI), an integer between 0 and 100 that represents the extent that
residents and visitorgepracticing social distancing. A SDI value of zero means no social
distancing is observed in the community, while a SDI value of 100 represents a case where all
residents are staying at home and no visitors are entering the county. The SDI is calculated
through an expression that considers the percentage of resident that stay at home (trips with a
length less than one mile away from home were discarded), the number of trips per person, the
number of persons that travel outside the county, and otherdactor

Using this tool, Zhang et al. (2020) computed the SDI for different states, and the results
were helpful to compare the efficacy of the contingency plans made at each state. Ranking the
states with the SDI score at the end of April showed that the stht¢heilowest SDI score was
Arkansas. It also showed that Washington, D.C. had a value of 10 and New York had an SDI of
6 0. North Carolina and Virginia had a SDI 6s
(mid-October of 2020), all states haare SDI score lower than 50.

Hendrickson and Rilett (2020), have suggested that transportation engineering has a role
in mitigating the negative effects of the current pandemic and future disruptive events. The
authors highlighted the areas of research that might support this geglakitransportation
critically speedsup the spread of infections worldwide because a high percentage of infected
people were asymptomatic. They argue that the solution for this problem is to improve the
methods for controlling the use of the elememntdersonal protection such as face mask and
gloves, and further argue that these methods can include artificial intelligence on video
surveillance cameras. Second, acthbigsed travel information can be used as an analysis tool in
the pandemic by levegang proprietary smartphone location tracking data. Third, it is necessary
to envision multidisciplinary research related to modeling the global and national spread of a

pandemic using epidemiological and transportation models. Forth, it has becometapparen
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stockpiling of significant amounts of emergenejated equipment and products may become

more typical and supply chains may become more domestic. Fifth, unlike natural disasters and
wars, the pandemic did not affect the physical infrastructure of traaipar Rather, it directly

affected the human aspect of the transportation system. In short, this and other emerging research
has demonstrated, through the COMID pandemic, the importance of understanding the

connection between the transportation systaohits users.

Finally, the BTS reports that its freight Transportation Service Index, which in the past
has been an important economic index to study the changes in demands of goods and services
and has been steadily increasing since 2015, showed a reduction afssihstane orders were
issued to levels similar to those observed during in the recessions of 2001 and 2009 (Bureau of
Transportation Statistics (BTS), 2020). Collectively these findings, and others not cited here,
have substantial practical impacts on higiagencies since their revenues are often directly
connected to fuel taxes. Since traffic volumes have reduced, the operational budgets for these
agencies are expected to be greatly affected.

However, most of the data publicly reported to date has been aggregated at the national or
state level, which overlooks spatteimporal, vehicle class, and road functional class variations
and provides an incomplete picture of the impacts. Quantifyingdffec reductions during
COVID-19 is important because it provides an estimation of the effectiveness of tHag¢ stay
home measures. It also provides the necessary information for wider scale economic analysis of
the impacts of shutdowns. For roadway ames) this quantification is critical in order to
understand how these kinds of events can affect potential revenue and ultimately their operating
budgets. The primary objective of this article is to show the impacts of CQVilated
closures on traffizolumes with respect to the factors described above for the State of North
Carolina and the Commonwealth of Virginia. A secondary objective is to provide a statistical
estimate of the uncertainty in the predictions from using past traffic volumes asithidédn
estimating impacts.

4.2. Data

In North Carolina, the Department of Transportation (DOT) maintains a network of 93
traffic stations that report total hourly and daily vehicle counts while the Virginia DOT manages
239 traffic stations that record hourly and daily vehicle counts. Thear§OT disaggregates

its counts into vehicle categories according to the Federal Highway Administration (FHWA)
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classification system (Hallenbeck et al. 2014). Both datasets contain counts on Interstate, US
Route, and State Routes. Though the specific type of sensors varied across the networks, all
generally involve embedded logpezaloop sensor arrays. The acocyaf the sensors varies
along with the precise sensor technology as well as many confounding factors including time.
Nevertheless, all data used for this analysis was quality control checked by either the North
Carolina or Virginia DOTSs prior to analysis.

The geographic location of the stations is shown later in the results section. For all
stations, data from the first week in January through the end of August and for the years 2019
and 2020 were obtaine8imple descriptive statistics of the data obsemedtie network during
the period of analysis are presented in Table 1. The statistics include the mean, standard
deviation, the 2.5 percentile (P0.025), and the 97.5 percentile (P0.975). The average traffic
pattern across all the stations is depicteligure16 where Week 1 corresponds to the week of
January 1st and week 36 corresponds to the week of August 31.

Table 1. Descriptive statistics of the traffic volumes distribution.

Value Road | North Carolina Virginia
Type! ADT Passenger Bus SW MU3® ADT
I 88024 33341 265 608 3126 37341
Mean us 18673 19506 131 337 857 20831
SR 12144 24853 149 397 435 25834
I 52523 24380 173 390 2406 27350
Standard
o us 13286 13860 91 240 1073 15264
Deviation
SR 16923 17637 120 316 476 18549
I 13215 1040 11 36 15 1102
Po.02s us 3006 2533 24 68 37 2662
SR 583 1019 12 40 24 1096
I 167084 80369 647 1376 7297 89689
Po.o75 usS 47213 53238 336 863 3851 58287
SR 51254 59081 412 1212 1562 62266

u | = Interstate, US = US Route, SR = State RouteSingle unit = Multi-unit
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Figure 16. Average traffic pattern across all the stations.

Table 2. Description of the events that affected traffic volumes during the COVIBL9

pandemic.
Event North Carolina Virginia
Week 11 (Mar 8§ Mar 14). The Week 11 (Mar 8§ Mar 14). Schools and
1  governor declared the state of universities of different districts started to
emergency and banned gatherings of close and migrate to a complete online
more than 100 people. education format.

Week 12 (Mar 15 Mar 21). Gatherings of
more than 10 people were banned. Bime
service for most restaurants and bars was

Week 12(Mar 157 Mar 21). Dinein
2  services were suspended in all
restaurants and bars.

forbidden

3 Week 13 (Mar 22 Mar 28). A stayatt Week 14 (Mar 29 Apr 4). A statewide
home order was issued. stayat-home order was issued

4 Week 17 (Apr 19 Apr 25). Extension Week 16 (Apr 13 Apr 18). Extension of
of the stayathome order until May 8. the stayat-home order until June 10.

5 Week 19 (May 3 May 9). Beginning Week 22 (May 24 May 30). Beginning of
of Phasel. Phasel.

6 Week 21 (May 17 May 23). Week 24 (Jun 7 June 13). Beginning of
Beginning of Phas@. Phase2.

- Week 32 (Aug 4 Aug 8). Beginning Week 32 (Aug 2 Aug 8). Beginning of

of Fall semester in most universities. Fall semester in most universities.

The traffic volumes in the North Carolina stations are higher because the traffic volumes
from the Virginia stations are reported by direction (NB, EB, etc.) and some stations only have
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counts in a single direction while the North Carolina stations are reported in an aggregate base.
Independent of this issue, the traffic behaviors in both North Carolina and Virginia are the same
(Figurel6), in fact, the traffic volume in 2020 followed the same path of disruptions. The dots
shown inFigurel6 (numbered 1, 4, 6, and 7) represents seven discrete GO%tBlated
events, the description of these events is presenibabie 2.

Using this higHevel, aggregated data it is found that in North Carolina the average
traffic volume across all the stations showed the highest traffic reduction in Week 14, one week
after the stayat-home order wassued. Also, in North Carolina, the traffic started to increase
again in Week 16. For Virginia, the highest average traffic reduction occurred in Week 15, one
week after the stagt-home order was issued there, and the effect lasted fetottiwee weeks
The recovery path of both states matched with the implementation of the economy reactivation
phases, in North Carolina Phase 1 and 2 were implemented at Week 19 and 21, respectively.
While in Virginia Phase 1 started at Week 22 and Phase 2 started lkaWéeterestingly, as of
this writing, the average traffic pattern has not returned completely to normal and is still slightly

more than 15% lower (on average) than the traffic volumes in 2019.

4.3. Method

The previous section provides an overall evaluation of the traffic volume changes, but a
more detailed analysis was conducted. The method used for this analysis was primarily to
compare weekday traffic volumes from 2019 against those from 2020; howevencirtainty
in using localized events like road closures, sporting or culture events, severe weather, etc.) and
missing data due to malfunctioning equipment.

To define aepresentative weekly patterthe daily traffic from the first thirteen weeks of
the year were aligned according to the day of the wRatapoints in each day were grouped
into multiple clusters, and the centroid of the densest cluster was calculated based-on the K
Means clustering method using a Python program. In this analysis, the number of clusters
depended on the changes of the dataise was determined using the Elbow methaabpura, 1.
2018) In this method, the sum of squared diseitom each point to its assigned center (called
distortions) are calculated for different number of clusters (K). The point at which the change in
distortions is significant (elbow point) is the optimal value for the number of cluateich
generally resulted in between two and five clusters per day. The Elbow Method algorithm uses

the sum of squared error (SSE) as a performance metric, traverses the K value, finds the
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inflection point, and has a simple complexi#lso, the execution time for this method is

relatively short, which makes it a convenient method for a large dataset (Yuan and Yang, 2019).
The centroid of the densest cluster was identified and becamafficedount value for the

respective day of the week.

Outliers were identified by comparing the weekly values against the representative
weekly pattern. Values that were more than 1.96 standard deviations away from the volume in
the representative pattern were flagged as anomalies and were replaced vathetieom the
representative pattern for the given day of the week. When data were missing, the traffic
volumes were replaced with those from the representative weekly pattern. This replacement was
done for all 2019 data, but for only the first 12 weekef2020 dataset. The percent change
from 2019 to 2020 was calculated on a daily basis according to Eq(igteomd then averaged
by week. Depending on the analydisaffic could be total daily traffic volume or could be
separated by vehicle classification. Finally, in order to prevent extremely low/high volume
stations on a given road category from inducing bias in the analysis, a frequency histogram of the
average daily affic volume for each road category was obtained. The stations with volumes
outside the middle 95% of the data (30 stations in North Carolina and 69 stations in Virginia)
were excluded from the analysis.

Traffic,,,,- Traffic
Traffic,y,,

%Change= 219 3100 (7

4.4. Results

4.4.1 Statewide Impacts
The filtering process described above resulted in finding insufficient data for reliable

comparisons for some sites. Thus, for the remainder of this paper, 63 stations in North Carolina
and 170 stations in Virginia were utilized. The distribution of theegre reduction in traffic
across the counting stations for each state is presenfgglire17 as a cumulative distribution
function. These distribution functions show that the traffic reduction was not uniform and varied
quite a lot at all points during the analysis perfidure17 shows that on March™lfewer than
10 of these 233 stations showed a percent reduction in traffic less than 10%. However, on March
20 and April 15, nearly all the stations had a traffic percent reduction of more than 10%. For
North Carolina, the average traffic percent redurctioross all the counting stations was around
20% and 40% on March 20 and April 15, respectively. In Virginia, these reductions were
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approximately 17% and 35% on the same dates. The Mafttigribution is the widest and

thus represents the time when there were the largest inconsistencies in the level of reductions
across the stations (both in Virginia and North Carolina). This week shows the greatest
distribution and as indicated irable2, it was around this date the stalyhome orders were
implemented. As such, it is believed that different traffic patterns occurred because road users
had many different motivations for and need to travel (i.e., supply trips, work trips for essential
workers, out of state travel or return home travel, etc.). After April 15, traffic started to return to
normal as seen iRigure17 where the cumulative distributions for May 15 through July 15

moved gradually to the right. Nevertheless, the percent reduction in traffic that was observed on

July 15 has been maintained through all of August, as shoRigumel17.
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Figure 17. Cumulative frequency distribution of the traffic percent reduction observed at
(a) North Carolina and (b) Virginia.

In order to evaluate the statistical significance of these changes, the average percent
reduction across all the stations during the first eight weeks of the year were treated as pre
pandemic traffic reductions and the traffic reduction observed durimgttieveeks up to week
27 were treated as reductions in traffic due to the CGlApandemic. For North Carolina, the
average traffic percent change during the first eight weeks of the year was 0.8 and the standard
deviation was 0.4, and the average fa tlext 19 weeks wag1.6 with a standard deviation of
207.9. After conducting atest for the two samples assuming unequal variancestiagistic is
found to be 6.8 and they@lue < 0.05, meaning on average the traffic reductions were
significant ata 95% confidence level. The same analysis for Virginia resulted in a me@a of
and standard deviation of 0.2 and a mea2®18 and standard deviation of 181.4 for the first
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eight weeks of the year and for Week 9 to Week 27, respectively. For this comparisen, the t
statistic is 7.4 and theyalue is also less than 0.05.

The statewide analysis also examined the morning and afternoon peak impact. First, the
data were analyzed to identify the morning and afternoon peak periods using a sliding window
method similar to the one described by Respati et al. (2017). For Nortim@attoe morning
peak was observed between 8:00 am to 11:00 am and for Virginia, this period started an hour
early from 7:00 am to 11:00 am. The afternoon peak was the same for both states, from 3:00 pm
to 6:00 pm. The average percent traffic reductigistered across all the stations during those
periods is plotted ifrigure18, as presented the morning and afternoon traffic volumes reduce
almost the same proportion for Virginia. However, in the case of North Carolina, the traffic
volumes observed in the morning reduced approximately 10% more than the volumes observed
in the afernoon. Perhaps owing to a larger spreading out of @tk commute times in North

Carolina relative to Virginia.
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Figure 18. Average Traffic Percent Reduction at the peak period of the morning and
afternoon for (a) North Carolina and (b) Virginia.

For North Carolina, the average traffic percent reduction values for the whole day were
similar to the reductions observed during the afternoon period, which may indicate the early
commute trips were reduced and consequently higher reductions occutredrarhing period.

4.4.2 Uncertainties in the prediction of traffic reductions

The data presented in the preceding and subsequent sections used 2019 traffic data as a
baseline from which to assess volume reductions. However, as the Begargil 7 shows, prior
to the pandemic, 2020 traffic volumes were greater than those in 2019 for many stations. Thus,
using the 2019 traffic volumes as the comparison condition to evaluate the impact of - COVID
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on traffic results in a biased estimator with a level of uncertainty that can be approximated. In
short, the main assumption in any analysis that uses data from 2019 as a basis for comparison is
that traffic in 2020 would have followed precisely the saattepn and volume as the ones that
existed in 2019Traffico19). In contrast, using the traffic volumes registered at each station
during the first eight weeks of the year 2020 {pamdemic) it is possible to calculate the

difference between the volumef 2020 and the volumes of 2019 under normal conditions. The
difference in traffic volume between 2019 and 2020 for the first eight weeks was calculated and
found, for most stations (>85%), to follow a normal distribution (confirmed by the Kolmogorov
Smirnov test, Daniel. 1990). Then, the averaggidrence20-19) and the standard deviation) (of

this difference were used to predict what the traffic would have been in 2020 if the &OVID
pandemic had not occurred, as indicated in Equé8pmherefore, in Equatio(B), TrafficoozoLs
andTrafficoo2ous represents the lowest and highest expected value at a 95% confidence,
respectively. As an exampleigure19 (a) shows the traffic volume registered at station
300000002, which is located on an interstate in North Carolina. The graph shows the traffic
volume observed in 2019 and 2020, the dotted line representeafie;ooLs and the dashed

line represents therafficoo2ous. The traffic percent change calculated using the 2019 volumes as
the baseline is shown Figure19 (b) by the solid double line, whereas the traffic reduction
calculated using both thigrafficoo2oLs and theTraffico2ous are indicated by the dotted and

dashed line, respectively.

TraﬁiCZOZOprediction(UB/ LB) = (mdifferencezo 19) c196 %) THafﬁCZOlf (8)

The uncertainty is defined by how much more or less the percent change in traffic
volume would be when nepandemic affected 2020 traffic estimates were considered as a
baseline instead of 2019 traffic volumes, as defined in Equéjdtence, using the example of
Figurel9 (b), the uncertainty can be interpreted as the bandwidth between the dotted line (traffic
percent change calculated usih@fficzo2oLs as the baseline), and the dashed line (traffic percent

change calculated usifigafficzo2ous as the baseline).

° Uncertainity % raﬂ:iczozo' Trafﬁc202(prediction UBLB) 10 ﬁir rafficzozo- Traffi02019 108 (9)

c TrafﬁCZOZOprediction(UB/ LB) g(} Trafﬁczolg
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Figure 19. Example of the traffic percent changecalculationi Station ID: 300000002
(Interstate) in North Carolina.

The uncertainty values during the pandemic are then obtained across stations by first
segregating them based on the state, functional classification, and vehicle class and then
computing the mean and standard deviations individually and averaging aeretaitms
within each segregated group. These uncertainty values are tabulated in Table 3 and should be
interpreted as the expected amount of variation in the predictions obtained when the 2019 data is
used as the baseline, similar to the example showigure19. The data shown ihable3
summarize the calculations by road class and vehicle type for both North Carolina and Virginia.
For example, when using the 2019 data as a baseline it was estimated that in North Carolina the
maximum percentage change was as higd4%. However, if théaseline were taken as an
estimated noipandemic affected 2020, then the maximum reduction is in the rar§@.6% to
-36.1%. The analysis shows that on average the use of the traffic predictions taking 2019 as a
baseline had an expected variation ofieetn-6.6% and +7.9% for North Carolina afi1% to
6.8% for Virginia. In North Carolina, this expected variation varies slightly by functional class,
but not in Virginia.

The difference in the uncertainty values observed at each state may be explained by the
traffic variation among each road category. For example, as can be determined from the data in
Tablel, in North Carolina the ratio of the standard deviation to the mean (Std/Mean) is equal to
0.62, 0.68, and 1.42, for Interstates, US Routes, and State Routes, respectively. By contrast in
Virginia, these ratios are 0.71, 0.72, and 0.70, respectively.
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Table 3. Average positive and negative uncertainty in the percentage change in traffic
across different stations.

- i 0 i 0,
State Stations Average uncertainty (%) +Average uncertainty (%)

(uB) (LB)
63 stations -6.6 +7.9
Interstates -5.7 +4.9
North Carolina
State Routes -8.8 +5.7
US Routes -4.8 +6.5
170 Stations 5.1 +6.8
Interstates -5.3 +5.4
State Routes -5.6 +5.1
US Routes -4.9 +55
Virginia
Passenger Cai -6.0 +6.0
Buses -11.9 +16.1
SuU -17.7 +22.8
MU 9.2 +10.9

These differences indicate the traffic volumes for the Virginia counting stations have a
similar distribution shape, but in North Carolina, a higher variation is seen from the State Routes
in agreement with the results shownTable3, where the State Routes showed a range of
uncertainty 0f8.8% to 5.7%. Throughout the remainder of this paper, comparisons are made
using the 2019 volumes, but where feasible the uncertainty band associated with this decision are
shown.

4.4.3 Spatiotemporal Impacts

Figure20. Spatiotemporal Distribution of the Traffic Percent Reducsioows the spatial
and temporal distribution of the traffic percent change in both states. Note that regions bounded
by thick lines and numbered represent the boundaries of the DOTSs divisions (North Carolina)
and districts (Virginia). North Carolina hasadal of 14 divisions and Virginia has 9 districts; the
results are summarized by these administrative units. A week before the emergency was

declared, Week 10 (March 1 to March 7), most of the traffic stations were showing a slight
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increase from the 2019 observations. After four weeks though, a consistent drop in the traffic
volumes was observed. These reductions were higher in North Carolina than in Virginia, which
issued stay at home orders approximately one week after Northr@afdeérmont Official web

Site, NCDHHS). The highest traffic reduction occurred at the end of Week 14 for North Carolina
and at the end of Week 15 for Virginia. This reduction maintained almost constant for three
weeks, afterwards, the traffic volumes stdrto recover gradually. As shownkigurel16 and

Figurel7, the recovery rate was approximately constant until the first two weeks of July when

the traffic volumes stopped increasing. Since July, the 2020 volumes have been approximately
15% lower than the 2019 volumes. This last finding is illustratédgare20, where during the

week of July 15 mostly all of the stations have a percent reduction at most 20%. However, one
station in North Carolinads Division 5 (centr
District 8 (northwest Virginia) still reportedteaffic percent reduction between 40% to 60%.

Also, the East part of Virginia seems to be recovering at a different rate than the rest of the state,
because for Districts 4, 5, 6, and 7 the traffic reduction is at least 20%. In North Carolina, a
similar stuation is observed but in the central part of the state, where Divisions 5, 7, 8, 9, and 10
still have a traffic percent reduction between 20% and 40%.
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Figure 20. Spatiotemporal Distribution of the Traffic Percent Reduction.

The highest traffic reduction in each administrative unit (district or division), which was
observed for the week of April 15, is presente&igure2l. In this figure, the value given by the
bar represents the percent reduction calculated using the 2019 volumes as the baseline and the
values indicated by the error bars indicate the uncertainty in the percent reduction, calculated
with Equation(9)when the baseline is defined as eith&fficoo2oLs or Trafficoo2ous. For North
Carolina, Figure 6 (a), the highest traffic reduction during the week of April 15 was observed in
Divisions 1 (Northeast North Carolina) and 5 (Central North Carolina). Division 5 also shares
borders with Virgini a0Xkthelraffe percentréducBonwasdn 4 . For
average 47% with a 95% confidence intergib§) of (46.3%, 49.0%) and the maximum
reduction was 70% witllgs of (69.8%, 71.1%), while in Division 5 the average reduction was
46% with aClgs of (45.1%, 48.7%) anthe maximum traffic reduction was 62% witlCés of

(57.4%, 64.1%). The division with the lowest impact in North Carolina was Division 3, in the
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South region of the state, with an average traffic reduction of 31% keadf (28.0%, 35.0%)
and a maximum reduction of 43.6% daBlds of (42.3%, 48.8%).
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Figure 21. Spatiotemporal Distribution of the Traffic Percent Reduction on April 15 for (a)
North Carolina and (b) Virginia.

On the other hand, the traffic percent reduction in VirgiRigure21 (b), has been
distributed more uniformly, where on average all the district units had a reduction of 40%.
However, Districts 4 (Southeast), 6 (East), and 9 (Northeast) reported an average reduction of
42.1% withClgs of (40.2%, 44.0%), 45.4% witBles of (44.0%, 46.6%), and 47.7% wi@lgs of
(45.2%, 49.8%), respectively. The highest variation in the traffic reduction for the state of
Virginia was observed at District 9, where the maximum reduction was as high as 79.2% with
Clgsof (77.3%, 80.4%).

To appreciate the temporal variation of the traffic reductions across the different
administrative units, the analysis focused only on those divisions/districts that have counting
stations on the three road functional classes, i.e. Interstates, US Radt&tates Routes. In
addition, the average reductions observed at each administrative unit at three differént dates
March 1%t representing the week prior the state of the emergency was declared, April 15
representing the period where the maximum tra#fatuctions were observed, and July 15 where
traffic recovery has reached a platéauave been plotted iRigure22. As indicated irFigure22
(a) and (b), on average the traffic of 2020 and 2019 were almost the same across divisions
indicated by percent reductions closer to zero and also becaBkstimeluded zero. Then
during the week of April 15, for North Carolina the highest impacts occurred at the Interstates
and US routes, except for Division 5 where the highest reduction was observed at the state routes
category; for Virginia, the Interstate s¢éhe road category with the highest volume reductions,

also the State routes showed a higieduction than the US routes.
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Figure 22. Traffic Percent Change Variation across divisions/districts in North Carolina
and Virginia, (a)-(b) March 1+, (c)-(d) April 15, and (e)(f) July 15.

Finally, for North Carolina, on July 15, the greatest amount of recovery was observed in
Division 6 while the lowest recovery occurred in Divisions 5 and 9. For Interstates, the traffic
percent reduction changed from an average across divisions of 45¢ibh5At0 an average of
15% on July 15, while the US routes and state routes moved from an average of 42% and 22%,
respectively, to an average of 15% and 14%, respectively, on the same dates. In the case of
Virginia, the greatest recovery occurred in DBeds 5 and 8. In general, the greatest recovery
from the three road classes was on the Interstates, which changed from an average traffic
reduction of 44% on April 15 to 19% on July 15. In contrast, the lowest recovery was observed
on the State routes, v changed from 27% to 15% on April 15 and July 15, respectively. In
addition, as shown iRigure22, the highest uncertainty in the traffic percent change predictions

(i.e., wider error bars iRigure22) were observed in the State Route categories.
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The average weekly recovery rate calculated after the highest traffic percent reduction
can be defined as the average percent increase in traffic on a weekly basis. This was calculated
starting at Week 15 (April 12 to April 18) when the highest traffic@et reduction was
observed up to Week 27 (June 28 to July 4), which is the first week of July, when the traffic
recovery seems to have stabilized. This average weekly recovery rate can be computed using
Equation(10) , wherePR is the traffic percent reduction observed inwegk 14, 15, é,
andPR. is the traffic percent reduction observed in the following w&élerefore, in the case of
North Carolina, the average weekly recovery rate was approximately 3.18tefwtates, 2.9%
for US-Routes, and 2.3% for StalRoutes. For Virginia, the average weekly recovery rate was
3.4% for Interstates, 2.9% for LFSoutes, and 2.8% for StaRoutes. Comparing the location of
the stations with the population density of edeltesit is possible to conclude that the highest
traffic reductions occurred in the most densely populated areas, and in both states, the highest
traffic reductions occurred on the Interstates. Interestingly, the earliest volumes reductions in
Virginia were registered in the stations near the boundary with North Carolina and in the East
portion of the state suggesting that differential closure patterns between States do have
measurable impacts at the borders.

26
a (PR, - PR)

AverageWeeklRecov ery =4 714 (10

4.4.4 Impacts by Highway Classification
The average percent traffic reduction on April 15, segregated by road functional class, is

presented ifrigure23 andFigure24. For North Carolina, these reductions were as high as 44%
(Clos of 42.8% to 46.3%), 41.3% (o5 of 41.0% to 44.5%), and 34% lgs of 30.4% to 37.8%)
for Interstates USoutes, and Stateutes, respectively. Meanwhile, for Virginia, this reduction
was as high as 44.9%%lgs of 42.9% to 46.8%), 34.7% (95 0f 30.6% to 36.5%), and 38.5%
(Clgs of 36.7% to 40.3%) for Interstates, W&utes, and Stateutes, respectively. The percent
reductions presented above were reached in a period of two weeks and then prolonged for more
than three weeks in both states.
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Figure 23. Traffic percent change spatiotemporal distribution: (a) Interstates, (b) US
Routes, and (c) State Routes.

To evaluate if the traffic reductions that were observed among these road categories a
OneWay ANOVA was conducted to verify if there is statistical evidence that suggests that the
amount of disruption varies by road class. In this case, the analysithesduzservations for
Week 9 to Week 27, which is the period when the highest reductions were observed. For North
Carolina, the average traffic reduction Interstates, US Routes, and State Routes during this period
was 24.2%, 20.4%, 18.9%, respectively; whhe standard deviation was 237.4%, 222.7%, and
133.2%, respectively. There was no statistical evidence to reject the null hypothesis of all the
means being equal thevalue was 0.5 and thedtatistic of 0.7 (the feritical was set as 3.2),
consequentlypn average the amount of traffic reduction among functional classes was the same.
Similarly, for Virginia, the average traffic reduction was 24.3%, 20.7%, and 23.7% while the
standard deviation was 226.4%, 147.2%, and 170.3% for Interstates, US Rali@&sitan
Routes, respectively. Again, there was no statistical evidence to reject the null hypothesis of all
the means being equal therglue was 0.7 and thedtatistic of 0.4 (the {eritical was set as 3.2).
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Figure 24. Traffic percent change by road functional class for North Carolina and Virginia
(a-b) Interstates, (cd) US Routes, and (€) State Routes.

An interesting finding shows up after disaggregating the results by functional class, as
noticed in Figure 9 for the Interstates and theRiftites at Week 27 there was a spike in the
traffic volumes, which may have been induced by thef4uly festivity. Also, as shown more
fluctuations in the recovery path can be appreciated for the State Routes, this is kind of expected

because this road class is more prone to shorter and more frequent displacements.

63



4.4.5 Effects by Vehicle Class

In order to appreciate the distribution of the traffic impact among vehicle classes, four
vehicle categories were analyzed: i) passenger (FHWA Classifica8pnilbuses (FHWA
Classification 4), iii) singlaunit (SU) trucks (FHWA Classification-%), and iv) multiunit (MU)
trucks (FHWA Classification-83). The temporal distribution of the traffic reduction for each
vehicle category in Virginia is presentedrigure25to Figure28 while the spatial distribution
is shown inFigure29. Note, it was only possible to analyze the vehicle class effects using
Virginia because the North Carolina stations only collected total traffic volume and did not
segregate the counts by classification. As shown, the passenger vehicles and bused aresente
similar reduction on April 15 with an average change of 50 G#s 0f 47.8% to 52.0%), 36%
(Clgs of 33.6% to 38.0%), and 39.9%lgs of 39.1% to 40.9%) for Interstates, Rdutes, and
State Routes, respectively, though buses volumes decreased more quickly. In general, the bus
category had the highest volume reduction among the different vehicle classes. On the other
hand, both truck ¢agories showed lower volume reductions on April 15; however, these two
vehicle categories also have the highest uat#yt band. The SU trucks had a traffic reduction
of 11.0% Clos of 5.5% to 23.1%), 15.0% (95 of 3.3% to 24.8%), and 21.8% ks of 10.0% to
32.4%) for Intestates, URoutes, and State Routes, respectively. In the case of the MU trucks
the average traffic reduction on April 15 was 13.3k{ of 7.0% to 18.0%), 16.7%{es0f 11.7
to 24.1%), and 16.7%(9s of 9.5% to 26.3%) for Intestates, Rutes, and State Routes,
respectively.

To evaluate the statistical significance of these traffic reductions among vehicle classes
and road category a Oigay ANOVA was applied for each road type. A procedure similar to
the one described in Sectidi.4was used, the analysis showed that the average reduction at
Interstates, US Routes, and State Routes was statistically different among each vehicle class with
a pvalue less than 0.05. Then, using individutgdt, it is concluded that there is statidtica
evidence supporting the hypothesis that passenger vehicles and buses have a similar level of
disruption whereas these traffic reductions were statistically different from the ones observed
among the SU and MU trucks.

This analysis clearly shows that traffic disruptions disproportionately impacted passenger
vehicles. Commercial vehicle volumes appear to be considerably less affected. In fact, the data
from Virginia suggests that given the uncertainty that exists wheg 8619 traffic volumes to
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estimate impacts, these traffic volumes may not have been significantly affected by the
pandemic. If true, it is an important finding because it suggests that while revenues (combined
fuel taxes from passenger vehicles and trucks) may have been sulhgtdistiapted during this

time, damage to the transportation infrastructure, due mainly to the trucks, may have continued
as normal. Despite these statistical uncertainties, when the 2019 data is treated as the baseline

(the solid lines in these figureshet basic pattern of disruption in SU and MU trucks is slightly

different.
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Figure 25. Traffic percent change temporal variation for passenger vehicles: (a) Interstates,
(b) US Routes, and (c) State Routes.
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Figure 26. Traffic percent change temporal variation for Buses: (a) Interstates, (b) US

Routes, and (c) State Routes.
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Figure 27. Traffic percent changetemporal variation for SU trucks: (a) Interstates, (b) US
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Figure 28. Traffic percent change temporal variation for MU trucks: (a) Interstates, (b) US
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Figure 29. Traffic percent change spatial distribution for (a) Passenger vehicles, (b) Buses,
(c) SUtrucks, and (d) MU-trucks.
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4.4.6 Effects by Population Density

Because the transport activities are directly proportional to the size of the population it is
expected that some relationship between the traffic percent reduction and the population density
might exist. In order to obtain a rough description of the tiariaf the traffic volume
reductions by the population density, the census information of 2019 at a county level for both
North Carolina and Virginia were obtained and compared against the average percent reduction
observed in the different counting stetts since the beginning of the period of analysis, i.e. the
average traffic reduction for each station since week 10 until week 27. The values were grouped
by road class as shownkigure30for North Carolina an@rigure31 for Virginia.

As shown in these figures, in all cases there is a proportionality between the average
traffic percent reduction and the population density. However, for North Carolina, this
relationship does not appear to be significant for US Routes and is most émidbatState
Routes. In the case of Virginia, a similar trend is observed, but in this case, the relationship does
not seem significant for Interstates and US Routes, but is again most evident for the State Routes.
The fact that in both North Carolina aWdginia the State Routes showed a stronger correlation
between the traffic percent reduction and the population is in agreement with the results
presented in Sectich4.3 because although Interstates and US routes showed the highest
reduction during the week of April 15, both road categories have had a faster recovery. This
finding, in combination with the population density analysis, suggests that when the shutdown
stared, the majority of the population moved to their place of origin, in some cases this required
interstate trips. However, once the final destination was reached most people remained at home
either for the stayat-home orders and possibly because mostegfsential activities such as
the commute to work were no longer required and people were allowed to work in a virtual

environment.
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4. 5. Limitations

The analysis demonstrates that overall traffic volumes decreased significantly over the
period with the greatest declines occurring at Week 15 in the study period, suggesting that many
factors including the start of spring break and decisions by locafgoeats and employers
contributed to the changes in travel behavior. Although the findings have aligned with what other
authors have reported for the national traffic volume reductions it is still not clear why traffic has
remained approximately 15% lowsman the values observed in 2019. There are of course
limitations of this study. First, important factors such as the land use, number of schools per
county, number of restaurants, etc. have not been included. This kind of analysis was accounted
for in other studies, e.g., the Maryland Transportation Institute social distancing index, and may
provide more insights about the causes of the different traffic reduction patterns observed in both
state administrative units. A second limitation is that the pmjectonpandemic affected 2020
traffic volumes were done in a very simplistic ddtaven approach. However, the results of this
paper have provided a more detailed description of the levels of disruptions in the traffic flow
caused by the COVI29 pandend, both the maximum traffic percent reduction by functional
class and the average weekly recovery rate will provide in the future a baseline for planning and
prepare for a similar event.

Finally, more research is still needed with data and analytical tools for investigating the
relationships between the reduction in traffic volumes and human health, i.e., to what extend the
recreation activities were reduced? or what has been the imptet economy? Which have

been the implications of this traffic reduction in the transportation cost of goods and people?

4.6. Conclusions

The main conclusions that can be drawn from this study are:
1 The total traffic reduction in North Carolina and Virginia were on average 39%
and 40%jfespectively.
1 The highest reduction of 40% happened in two weeks after closures and existed
for approximately three weeks.
1 The average weekly recovery rate of traffic volume among all the stations was in

a range between 2.3 and 3.4% per week.
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1 The reduction and recovery rate in traffic volumes was most significant at
Interstates, but there is a proportionality between the average traffic reduction and
the population density, and this relation is more significant for the State Routes.

1 In terms of vehicle classification, a similar disruption was observed for passenger
cars and buses. Both the SU and MU trucks showed lower impacts and a faster
recovery.

i Statistical analyses showed that the average error associated with using the 2019
traffic volumes as an estimate for the smandemic affected 2020 traffic volumes
to calculate the percent reduction in traffic was in the rang@.8to 7.9% for
North Caplina and from5.6 to 6.8% for Virginia.

The results of this paper have provided a more detailed description of the levels of
disruptions in the traffic flow caused by the COVID pandemic, both the maximum traffic
percent reduction by functional class and the average weekly recovery rat®@wdegn the
future a baseline for planning and prepare for a similar event. Although, more research is still
needed with data and analytical tools for investigating the relationships between the reduction in
traffic volumes and human health, or the intpafdhe traffic reductions in the economy of the

country.
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CHAPTER 5. ENHANCED PAVEMENT PREDICTION VIA OPTIMIZED SAMPLING

As depicted in Figure 1, Chapter 5 delves into the consequences of missing pavement
condition observations for predicting future states of road networks, using data from North
Carolina. The study was initiated by comparing the-aetpession method witmné widely used
"family-curve" modeling approach. The atrggression approach was noted for its potential to
offer improved predictive accuracy at both project and network scales. Furthermore, the essence
of quantifying uncertainty was highlighted, emplasg its significance in this context. Different
scenarios, representing varied survey frequencies for monitoring pavement conditions, were
explored.

Central to Chapter 5 is the Candidate's significant role in meticulously evaluating key
statistical metrics that are crucial for the study's outcomes. These metrics include the Mean
Absolute Percentage Error, Standard Deviation of the Absolute Percentagead R, which
were applied across various model scenarios. The Candidate's analytical efforts, particularly in
comparing and interpreting these metrics, provided a deeper understanding of the effectiveness
of different pavement monitoring strategi€llaborating closely with cauthors Boris
Goenaga and Shane Underwood, the Candidate was integral in both the conceptualization and
refinement of the study's models and scenarios. This rigorous analysis in Chapter 5 was
foundational for the subsequervelopment in Chapter 10, where these methodical findings
were translated into a practical strategy for optimizing pavement survey frequencies,
demonstrating a clear trajectory from analytical research to actionable solutions in pavement
management.

The present work has been published in the Transportation Research Record, Journal of
the Transportation Research Board, © National Academy of Sciences: Transportation Research
Board 202. https://doi.org/10.1177/03611981221086636. It has been reprinted here according

to SAGEOG6s aut haseguaeairehri vi ng and r e

5.1. Introduction

A pavement management systdPMg is used to support agency decisions at three
different levelf AASHTO 2013. At the highest level, the strategic level, decisions traditionally
focus on investment levels and strategies that enable an agency to achieve its goals and
objectives. The ability to forecast future conditions and illustrate the consequences of deferred

investment are key to being able to support decisions at this level. Second, at the network level,
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summary information related to the entire highway network is used to identify the most effective
mix of projects and treatments for a nwylar improvement program. At this level, it is

important to be able to evaluate the costs and benefits of diffemertinations of projects and
treatments on current and future conditions. At the third level, the project level, decisions are
focused on individual segments of the pavement network.

An important element in arlgMSis the pavement performance or pavement
deterioration models, these models allow agencies to predict future needs and distribute the
available budget to guarantee a good level of service in a road network. The effectiveness of
Maintenance and Rehabilitati (M&R) planning or project selection in infrastructure
management depends on the accuracy of both the predicted future performance and the observed
current condition of an infrastructure facility.

In recent years it has been observed that the predicted performance of the pavement
rarely matches that observed in the figfidider et al. 201)1 which might indicate that the
current pavement management framework is failing to provide for an optimum road system. This
lack of optimality occurs because infrastructure is currently facing multiple challenges including
inflexible physical assets, uasile and insufficient funding, maturation, increasing
interdependencies, climate change, among ofhaisler et al. 2011; Kottayi et al.2019; Swei et
al. 2019. These challenges are interrelated and several produegatmmary effect§Chester
and Allenby 2019)

Because of the variable conditions that might affect the performance of a road network,
and because the availability of funding to monitor pavement performance is becoming more and
more scarce, it i sPMShkheulddeafexbeensughtogcéoumifaoan t hat
scenarios with a low probability of occurrence. This allowance means decisions must be made
recognizing the uncertainty in the predictions, as well as the changing nature of all the factors
that affect pavement germance. Therefore, abastPMSshould; (a) recognize the risk of the
status quo and (b) appreciate the value of embedding flexibility to proactively deal with an
uncertain future as it unfoldSwei et al. 2019

One way to embed flexibility in BMSstructure is to improve the frequency at which the
performance models are updated, as well as by adjusting the calibration process of the
performance models. At the same time, one must account for possible future scenarios at which

the overall frequencyfgpavement condition measurements could be reduced due to budget
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constraints. If this is the case, agencies must face the necessity of planning and allocating
budgets based on a reduced network condition data. For example, the North Carolina Department
of Transportation (NCDOT) is responsible for the second largestmstantained road network

in the countryNCDOT 2020, the NCDOT continues to collect condition data on an annual

basis for both pavements and bridges. However, due to an increasing growth of the network size,
as well as more frequent unexpected weather events, the NCDOT has observed a slowdown in
the data cllection for some specific elements of the network, like culverts and retaining walls,

due to budgetary constraiftdCDOT 2020).

Under scenarios where more careful monitoring may be needed on some sections of the
network while the overall number of sites sampled in a given year are decreased requires more
advanced leveraging of statistical theory. With this need in mind, this pagleiates the case
where a reduced survey frequency is unavoidable, and the agency needs to plan the network
maintenance based on historical observations and the subsample of the current condition. For this
purpose, a set of scenarios are used to illesthet implications of the frequency at which the
network condition is surveyed and propose a method to identify the measurement frequency and
the modelling techniques that produce the lowest errors in the prediction of future pavement
conditions at a netwk level. The methodology proposed here might serve as the starting point
for state highway agencies to identify the optimum measurement frequency when the budget for

monitoring roads become tighter.

5.2. Objectives

The main objective of this research is to develop a methodology that helps decision
makers reduce the uncertainties in the predictions of future pavement condition at a network
level when under sampling procedures become necessary. To do this, the fptiskswere
completed:

1 A comparison of the auegression pavement performance modeling, against the
traditional pavement famitgurve modeling approach.

1 An evaluation of scenarios for different pavement condition measurement
frequency, to identify the measurement frequency that produces the lowest
uncertainty in both the imputation process of missing values, and in the

predictions of future pavement condits.
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5.3. Pavement Performance Models

In pavement engineering pavement condition is expressed either by using individual
distresses, such as rutting, fatigue crackiRg, etc., or by using a composite index like the
Pavement Condition Inde®Cl), the Presererviceability Index®S)), or as in the case of
North Carolina, the Pavement Condition RatiR€R. The variation of pavement condition
with time (or traffic) is known as pavement performance. Hence, the value of a pavement
condition index at a given timeshould be understood as a snapshot of the pavement
performance at timg (NCHRP Synthesis 501 20117

In general, the deterioration process of a pavement is a function of various factors
affecting the mechanistic characteristics of that pavement, such as design, environment,
materials, construction, age, and the amount of maintenance. Based on theopresiatis, the
deterioration models may be categorized as deterministic or probabilistic. In deterministic
models, the future condition of a facility is predicted as an exact value from the past information
of the facility; in probabilistic models, the fi@rmance of a facility is predicted by estimating the
probability with which the facility would fall into one of the predefined possible condition states
(Zzhang and Gao 20)8

Pavement performance models can also be classified by the method used to develop the
functional form of the model. These methods are broadly classified into two types: empirical and
mechanistieempirical models. Mechanistempirical models are desirablear ftheir capability to
incorporate various potential affecting factors such as stresses, strains, and deflections for
pavement performance prediction. However, they are still not implemented due to the
complexity in the model development and calibratiarcpss. Meanwhile, empirical models are
easy to develop and implement.

Different empirical models have been proposed to model pavement performance using
the PCR For example, in 1997 Chan et @997)calibrated the power curve model shown in
Equation(11) for North Carolina.

PCR= G +Cf (11)

where;

Co, C1, andCz coefficients to be calibrated, and

t

age of the pavement in years.
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In 2008, Chou et a{2008) proposed Equatiofi?2).
PCR= g - qg(l = 1- (12
where;

coefficients to be calibrated, and

ao, a1, andayz

t

age of the pavement in years.

The models presented above are just a sample of the numerous erdpiecatlinistic
models that have been developed over the years. These models can be applied to an individual
pavement or a group of homogeneoussspchase ment s
pavement type, district, geographic conditions and functional class, among other characteristics
(Luo2013. The family curve may be adequate for a
However, this might not be necessarily true for an individual pavement at project level because
of the inherent wvariation withiastattedt® &6f ami |l yo
developed models that could account for heterogeneity in the performance of individual
pavement sections, such models are random effect m@teds and Mastin 2016; Yu et al.
200, O age s (Luofand@&hombId4autesegression performance modédlsio
2013, or more complex forms such as nested models based on discrete choice model theory
using panel datéZhang and Gao 20).8

To account for the unobserved random heterogeneity, the random effect models
incorporate random parameters in the coefficients of the model, these random parameters
accounts for individual deterioration rates and or initial distress values. An exampéhof s
models was presented by Yu et al(2007) who proposed a linear deterioration pattern for the
PCRas shown in Equatiofi3).

PCR = PCR A slopg;t + PGR( - slppe t, (13

where;
i = 1, Nasthe number of pavement sections,

1, néisthe number of observations per section

—
I
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PCR = family average initiaPCR

slope = family average initial deterioration rate,

nslope = difference between the deterioration slope of the sectod that of the family,
NPCR = difference between the initi®ICRof the section and that of the family,

tij = age of the pavement, and

6 = error term that accounts for random variations in the deterioration curve.

In contrast to the random effect models, where a coefficient for each pavement section is
obtained, the autoegression approach has the advantage of been able to incorporate specific
deterioration patterns of each section, but still using a global setftifcients that can be
applied even in sections not included during the calibration préces2013. The aute
regression analysis estimates a variable as a function of its previous values, also known as lags;

the general functional form of the atregression models is shown in Equatt4).
PCR(!)= fgAgd }, PCR t1), PCR t2),.., PQR t K (14)

The order of the autcegression model will depend on the number of lags used, for
example, by using only one la§ € 1) in Equatior(14) will result in an auteregression model
of order one, by using two lag € 2) will result in an autoregression model of order two, and
so on. The goodness of the avegression model is reflected in the capabilities of incorporating
unknown factor that affects pavement deterioration, by including the previous pavement

conditions to explain the present valifghmed et al. 2006

5.4. Imputation Techniques

Prediction of unknown or missing data is called imputation. Such procedures may be
necessary because a significant bias can be introduced when data is missing. Missing data can be
classified as: i) missing completely at randdMCAR): where the probability of missing data is
completely stochastic; ii) missing at randdwAR): where the probability of missing data

partially depends on extrinsic values (not including the observed data); and iii) missing not at

78



random MNAR): where the probability of missing data partially depends on the values of the
observed datéHalme and Tannenbaum 2018

Single imputation methods such as the mean score, interpolation or extrapolation, or
linear regression are used to handle the missing data when the data is missingMdGé Roa
MAR process. Superior benefits may be observed by using joint model multiple imputation and
full imputation maximurdikelihood methods. But when the missing datMAR significant
bias may be introduced into the imputation if the anticipated probability and mechanism of the
missingness are not accounted for.

The imputation of missing data has been applied by researchers in various fields,
especially in medicine and social scienffegbin and Schenker 1991; Little and Rubin 2016;

King et al. 2001; Saunders et al. 2pdBubin and Schenkékittle and Rubin 201used

multiple imputations in health care studies to replace the missing value with two or more values.
These values can be chosen to represent both uncertainties about the reason for missing and the
uncertainty about choosing a value to impute givengheans for missing are known. King et

al. (King et al. 200} developed a computational tiredficient algorithm for multiple

imputations to analyze incomplete political science data. In the pavement management area,
Farhan and Fwé013 used a stochastic multiple imputation model to impute the missing values
in the Airport paveme(@al]d pesamntddatsumonary of thetrmedt a s e
common imputation methods applied to pavement management.

The Bayesian statistical analysis method considers the previous knowledge of
missingness by estimating prior distributions for the missing data and applying them to the
sample population. The general form of the Bayesian posterior distribution is shEguations
(15) and(16).

X, — p(xlq7 f)p( 1q) 1
PEIX 9= X1a) M 3 19
p(X|a)=np(X| gp( § )d (16)

where;

p ( d| B )he prior distribution,
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p ( X| ¢ )the sampling distribution,
p ( X| B )he marginalikelihood,
p ( d| X the posterior distribution, and

g a = parameters of the model to be estimated and parameters of the prior distribution,

respectively.

The key operation of Bayesian models is to compute-tligiensional integrals, which
makes it computationally complex. The Laplace method approximates the integrand with a
secondorder Taylor expansion around the mode. By developing a nested versianidéthand
combining it with modern numerical techniques for sparse matrices, we obtained the Integrated
Nested Laplace ApproximatiotNLA) to do approximate Bayesian inference for latent Gaussian
models LGMs) (Rue et al. 201)7 LGMs represent a vital model abstraction for Bayesian

inference Furthermore, this methodNLA) can be easily applied using tRANLA package.
5.5. Data

For this research, the pavement condition of the flexible pavements of the Interstates and
US Routes in the state of North Carolina for the period 2013 through 2019 were obtained. Since
2013, the NCDOT has conducted an annual automated survey of thesethatiprovides an
inventory of individual distresses. Each distress is reported in its respective unit (e.g., square feet
for alligator cracking, linear feet for longitudinal cracking, etc.) and is used as input to calculate
the Pavement Condition RatiligCR. ThePCRis a composite index obtained by applying a
series of discount factors depending on the extent and severity of each distress BP& the
ranges from O (poor condition) to 100 (excellent condition). All the distresses and the resulting
PCRare reported in O-inile segments that can be downloaded from the NCDOT PMS as
georeferenced shapefiles.

The distress type inventoried in North Car
cracking, transverse cracking, rutting, raveling, oxidation, bleeding, ride quality, and patching. In
addition, the NCDOT PMS has a separate module that contains the cbostdate and the
information of the latest rehabilitation action applied. All these fields are updated annually and
georeferenced.
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For the purposes of this research study, this dataset was first downloaded and was then
organized and filtered. The organization procedure consisted of first aligning the different
shapefile layers. The digital file of the NCDOT's Linear Referencing Systlioh represents
the routes and attributes of the state road system, was used as the base layer against which all the
other layers were compared, i.e., all the attributes of the other layers were assigned to the base
layer. After organizing the data) #te information was compiled in the base layer. A total of
104,727 individual 0 nile segments were obtained. By inspecting the surface mix classification
51 different surfaces were identified, among these were Superpave mixes, and prior mixes
categoried based on the Marshall mix design. From all these surface types, the S9.5B and S9.5C
mix types were the most frequent in the network with nearly 26% and 36% of thel@.1
segments having a S9.5B and S9.5C surface layer, respectively.

Because the S9.5C mixes are the most used in the network, the analysis presented here
will focus on the segments with this mix type. The automated distress survey data is available for
the years of 2013 and 2019, which means each segment has a potsetrahofonsecutive
pavement condition observations. The following filters were applied to the dataset:

1 segments that were rehabilitated prior to the year of 1991 or after 2013 were
removed,

1 segments with a missing pavement condition during the period of 2013 and 2019
were removed.

After these filters, a total of 13,647 endile segments with a S9.5C surface mix remained
for the analysis. These segments are represented by the thick red kigpg@32 (a). Figure32
(b) shows the cumulative distribution of the road segments in five diffe@Rranges, greater
than 90 (>90), between 80 and 90-@¥), between 70 and 80 (BD), between 670 (6G70),
and less than or equal to 60 (<=60). As illustrated, the proportion of the study network with a
PCRgreater than 90 reduces with time, while in 2013 this proportion was around 0.86, it reduces
to 0.55 in 2020. In contrast, the proportion of the segments AtDRIess than or equal to 60
increases from 0.01 in 2013 to 0.04 in 2020.

Though inFigure32it is indicated that the overddCRvalues of the network were
reducing over the years, there were some sections whdP€Realues showed an unexplained
6jumpdé during the period of analysis. A 6jump
equal to 10% from one measurement to another in two consecutive years, for examp€R the
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of one section in year 2016 was 75, but if then in year 20ACRof 100 was registered in the

database, a O0jumpdé of 25 wunits occurred at th
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Figure 32. Road segments selected for the analysis.

A 6 j u mpP&Rdetarioratibnetrend might occur due to numerous reasons, such as
the application operiodicor preventive maintenance, like crack sealing or patching, or it might
be an outlier caused by an error in the measurement process. The problem with the former case is
that it is difficult to identify the segments of the network that received prevendirganance
during the period of analysis. In the second case, identifying a possible outlier is possible by
inspecting the overall deterioration trend of a sec¢tmwever, this will require replacing the
outlier for some more reasonable value. Nonetheless, this process is outside the scope of this
paper.
1 For this reason, the initial sample side 13,647 was depurated by:

T removing those sections with a é6jumpd duri
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1 removing those sections that in the first year of analysis (i.e., 2013) [RVRgreater
than 95 with an age greater than nine years.
As a consequence, the final sample size resulted No=b€,898. The boxplot that shows

the distribution oPCRby age from 208 to 2019 is included ifigure33.
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Figure 33. Box Plot between PCR and age of the Road segments at different consecutive
years.

5.6. Family-Curve Models vs AuteRegression Models

5.6.1 Methodology
I n this section a-cuaocmedr iap@r oafadyrelsmnad fnami |t
modeling is presented. Thectimuwnedi nodé¢l fios m mdi
Equation(17). All the pavement sections are used together to calibrate a global set of parameters
Ta, b, andc1 these parameters are obtained usinglim@ar regression by minimizing the sum
of squared errors. The only predictor in Equafibn is the pavement age, therefore predicting
the future pavement condition is straightforward.
a
1+ expgb_ b
g C

PCR, = (17)

where;
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ab,c = coefficients to be estimated, and
ti = age of the segmenat year;.

The proposed autegression model form is describedsquation(18). Similar to the
family of curves analysis, all the pavement sections are combined to estimate a set of global
coefficientsi bo, b1, andax for the lags. Nevertheless, because the previous pavement condition
is used as a predictor it is possible to account for segment specific deterioration patterns, in other
words, this approach can model heterogeneous trends by using a general secaraseffi
Perhaps this is the main advantage of the-eegoession approach over more complex model
structures,i.ei, t keeps the si-mptvedtmoodél $ hebof aali $ g

individual deterioration trends.

PCR,] =B +Qitj é / PCB-k (18
where;
PCR, = pavement condition of segmaribserved at year
tj = age of segmentat yealj,
PCRj«x = pavementondition lags,
bo, b1, & = coefficients to be calibrated, and
K = number of lags.

Equation(18) needs to be used sequentially to make predictions, this BFQRés
projected for yeayfirst, and then for yegr1.ThePCRfor j+2 is projected only after tHeRCR
for j+1 is at hand, and so on. The goodness of fit of each model is evaluatedRbarioethe
absolute percent erroAPE) calculated with EquatiofiL9); because thAPEis calculated for
each segment of the network, the m@dAPE) and standard deviatioSDAPE were calculated
to summarize the variation of tAdPE across the network. These three indicators will be
obtained for each year of prediction.

S

PCR, - POR qo# (19)
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5.7. Results

The pavement condition observed in year2016 was set as the baseline to predict the
pavement condition t hrje20l7y20Erand 2018. Fdrthe &6f ut ur e
sigmoidal model, the age of the pavement and the pavement condition in year 2016 were
substituted in Equatiofl7), and the following coefficients were obtainads 98.43,b = 15.3,
andc=-2. 21. Thkharwfeadmimow e | is plotted on top of f
Figure34 (a), also the prediction check is presenteBigure34 (b). As shown, the model can
predict nearly 42% of the data variability.

For the auteregression model, if one starts observing the pavement condition of the
network at yeay = 2016, each segmeinill have a total of three previous pavement conditions,
forj = 2013, 2014, and 2015. These conditions are identified as lags, where each lag is defined as
PCRj-1 = PCR 2015 PCRj-2 = PCR 2014 andPCR;-3 = PCR 2013 S0, a 3Lag model has been
fitted to the data and the resulting model is shown in Equ&i@n The prediction check for the
3-Lag model is included ifigure34 (c), as shown this model can describe 80% of the data

variability, which is a consi dercalrlve & nmpa doevie.m

PCR, = 6.17 023, G16CR, OAPGR, OFPCR, (20)
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Figure34.( a) O0dwamvéd model fittedutroetdbhenodietia ,pr el
check, and (c) 3Lag model prediction check.

In addition, both models were used to predict the future pavement condition for years
2017 to 2019. These predictions were contrasted against the actual observed pavement condition
in those years. IRigure34 (b) and (c) the predictions for year 2016 (the base year) are
represented by the blue dots, while the predictions for year 2017 to 2019 are illustrated with the
orange 0x06. Vi s ua-tegrgssion madel doss adettér fbleto gredicttieth a ut o
base and future pavement condition. Fé@ s o f -réghessioramptlebwas higher than those
obtai ned wictuhr vtende adpfparnoial cyRei si ro bft &ad tn eal - rwe g @t it \he
curved model for the predictions made in year
with the model have a trend that is opposite from the observed values.

As shown inFigure35 (a), in both models thelIAPEincreases as the predictions in the
future are farther fr onre utrivee 6c UMARERIUtOStINRBEGr . For
increases to 9.15 in 2019; while for th&é &g model theMAPEIs 2.25 and 5.79 in 2016 and
2019, respectively. This means that on averag®hBE reduces by 40% by using thd_ag

mo d e | oV e rc utrhvee 66 fnaondi el ly.
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APE in 2018, and (d) distribution of APE in 2019.

The distribution of thé\PE observed among the segments of the network is presented in
Figure35(b), (c), and (d). Included in these figures in 8i@APEfor each model. As illustrated,

in all the years the-Bag model produced low&PE across the network with a maximum

SDAPEin 2019 of 5.83 in contrast with tlBDAPEo f

The authors have focused on the family curve method without age adjusting the data (see

10.

38

obtaiwmadvedt h

Luo et al.(2000). It is understood that some agencies follow this method, and it may provide a

more reliable functional fit; however, it does introduce additional complexity because these age

adjustment factors must be tracked during the model calibration processtor hins,analysis

here, this agadjustment was not performed. Based on the results, for the remainder of the paper

the auteregression method has been used to model pavement condition.

87

he

t

-
~



5.8. Effect of Measurement Frequency in Prediction Uncertainty

5.8.1 Methodology
This section describes the methodology followed to reduce the uncertainty in the

pavement condition predictions at a network level. For this purpose, a set of scenarios are
defined to evaluate the implications of using different measurement frequengieditd future
pavement conditions and to impute missing observations.
5.8.2 Scenarios ofAnalysis

Pavement performance models can be used either to predict future pavement conditions
or to impute missing observations. As mentioned above, because of the random nature of the
deterioration process as well as the different source of errors involvednatiierk survey, the
predictions made with the deterioration models will have an associated amount of uncertainty.
This uncertainty might increase if more flexible measurement frequencies are used. Because of
this, different scenarios have been developexi&duate the impact of predicting future
pavement conditions with missing observations.

The proposed scenarios are indicateBigure 33to Figure 36 and they are denominated

as follows:

M Scenariol 6 busasussuual 6 where the entire network

1 Scenario2 6r edsuampl i ngd where the entire networ
1 Scenario3 6hal-$ aamygl i ngd, where only half of the
1 Scenario4 61| esaasmipl i ngbé, where only a third of t

To facilitate the explanation of the different scenarios and the steps involved in the
analysis, these figures consider a hypothetical road network consisting of six se@ireéis (
whereN is the number of segments in the network). In the analysis reported later in this paper
these scenarios have been applied to all 7,898 segments selected after the filtering process

described in the data section. The analysis of all four scenarios stgets 016 and hence

each scenario constagesof 1 out hpseditoadiyoms 66t

fitting an auteregression model in yeausing the most recent pavement condition, and then
applying this model to impute any missing observation in yeard to make future predictions.
In each stage of the different scenarios, the-eefgioession model has been calibrated

using theR-INLA package to conduct a Bayesian estimation of the coefficients, then the posterior

88

f



distribution of the coefficients and the error term of the model were used in Equy&aépasd

(16) to obtain samples from the posterior distribution. For this purpose, 1,000 samples for each
parameter of the model were drawn from the posterior distribution, it was assunm€Rhe

values follows a normal distribution with mean equal to the-segoession model, Equati@gh8)

, and standard deviation obtained from the model estimation. Subsequently, a Monte Carlo
Simulation was conduct which allowed estimating the 95% credible interval of each predicted
and imputed value.

In this paper an autoregression approach was used because this model approach provided
the benefit of using a general model form that applies to the entire network, but that also captures
the heterogeneity in the deterioration process. By using the argssean model it is possible to
impute missing observations using previous pavement conditions, and by usirtNth& R
package it is possible to account for the uncertainty in the predictions. The authors recognize
there are other imputation techniquesttimight be more accurate than the multiple imputation
method; however, due to the simple model form of the autoregression model and the
straightforward application of this model in the imputation process the multiple imputation was
chosen over the otherathods.
5.8.2.1 Scenario 1
This scenario is the generalization of the prediction process described in when comparing the
autor egr essi on met hecduravgeadi.n sltnasuhhee addfbaursiclaye s 1si o,
network is surveyed every year. For this reason, the ordee afutieregression model increases
between stages. For example, in stage 1 (the last pavement condition is collecteg#n year
2016) a 3Lag model is fitted and used to make the forward predictions, then in stage 2 (the last
pavement condition is colleatén yearj = 2017) a 4.ag model is used, then al’ag model, and
so on. This scenario should yield the most accurate predictions since it uses the highest number
of observations available to calibrate the model and thus serves as the baseline for comparison to
evaliate the efficacy of Scenariosi2 The schematic representation of this scenario using the

hypothetical road network is depictedrigure36.
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Future Measurements
Stage 1: PCR;; = by + bytjj + a,PCR;j_5 + a,PCR;j_+ a3;PCR;;_,
Stage 2: PCR;; = by + byt;; + a,;PCR;j_4 +a,PCR;j_3+ asPCR;;_+ a,PCR;j—;
Stage 3: PCR;j = by + bytj; + a, PCR;_5 + a;PCR;;_4+a5PCR;j_5+ a4,PCR;j_,+asPCR;;_4
Stage 4: PCR;; = bg + byt +a,PCRjj_g +a;PCR;j_s+ azPCR;j_4+ a4 PCR;j_3+ agPCRj_5+ agPCR;j—4
Note: The coefficients b,, b,, and a,, a,, ..., &, are updated in each stage of prediction

Figure 36. Schematic description of Scenario 1.

5.8.2.2 Scenario 2

The second scenario evaluated in this paper contemplates the case in which the entire
network is surveyed for years 202815, 2016, and 2018,thesoca |l | ed &ér educed sarm
scenario is shown iRigure37. Because of this measurement frequency, two stages can be
defined in this scenario, in Stage 1-a&) model structure is applied, then in Stage A.ag
model is used.

In this scenario the missing observations are in 2017 and 2019. Therefore, the predictions
made with the @ .ag model in Stage 1 will be used to impute the observations of 2017. Then, in
Stage 2, the-Lag model will be estimated and used to predict thempant condition in 2019;

this prediction will impute the missing observations in 2019.

90



2013 2015 ! 2017 2019
I
@ ® @ ®
2014 | 2016 2018
> I o B - B o
1 1 1 1 1 1
2 2 a3 B 2
3 3 3 ! 3 3
4 4 4 : 4 4
5 5 5 ! 5 5
6 6 6 : 6 6
I

. Future Measurements
Stage 1: PCRi'j = bO S blti,j + alPCRi‘j_3 + aZPCRi,j—2+ a3PCRi,j_1
Stage 2 PCRI,] - bo + bltl,] + aIPCRi,j_S + aZPCRi‘j_4+ a3PCRi‘j_3+ a4PCRiJ_2

Note: The coefficients b,, b,, and a,, a,, ..., 8, are updated in each stage of prediction

Figure 37. Schematic description of Scenario 2.

5.8.2.3 Scenatrio 3

Scenario 3 assumes that the entire network is monitored in year2@033but then
only half the network is monitored in each subsequent year (alternating between odd or even
years),thesa al | e d -séahnapl | fiwiagyd s ¢ e nRiguré38, two cagesares h o wn
considered. Scenario 3a applies the incrementalragression model structure by increasing
the number of lags between stages and Scenario 3b assumes a second erelgreasion
structure is used in each stage. For Scenario 3a Stages2luse a-Bag model, Stages 3 and 4
use a 4Lag model. For Scenario 3b a second order-ergjoession structure is used in every
stage.

The empty cells ifrigure38indicate missing observations. In both Scenario 3a and 3b,

these values must be estimated so that the predictions remain mathematically tractable. In these

cases, the model calibrated in yperused to impute these missing observations. It is important

to notice that in Scenario 3a the number of observations available to calibrate the model in each

stage is always half of the total number offhile segments in the network, i.e., either the
observations taken in the even years (Group 1: first three roigune38) or oddyears (Group

2: last three rows ikigure38) are used to calibrate the model.

91



For Scenario 3b, the most recent pavement conditions in both the odd and even years
(Group 1 and 2, respectively) are combined to estimate the model. For example, using the
hypothetical network ofFigure38, in 2017 the response vector and the matrix of pavement
condition lags is set as shown in Equai{@h). Becausg = 2017 is an odd year, only the Group
2 of the network got a new measurement and the most recent pavement condition for these
sections iIPCR; = PCR2017and the lags are set as the pavement conditiaflid and 2015,
this isSPCR;-3 = PCR2014andPCRj-2 = PCR 2015 respectively. As a consequence, for the
sections with missing observations (Group 1) the most recent pavement condM@R)is=
PCR2016and the lags are set as the pavement condition in 2013 and 20R€Rg4 = PCR 2013
andPCRj-3 = PCR 2014 respectively.

Similarly, inj = 2018 (an even year) the Group 2 of the network was not surveyed, hence
the response vector and the matrix of pavement condition lags were shaped as shown in Equation
(22). By arranging the response and predictor matrices as described in the examples above, it is
possible to keep constant the number of observations available to calibrate the models. Like

before, the model calibrated at each stage is used to impute the rolssengations.

. éPCF%roum -1 a Pé:%roupl j-4 PCBrou 1,j 3

] =2017, response % Ty Lags = g a > (21
é PC%roupZ,j [] Pg:%roupz, F3 PcaoupZ,j-Z

. é I:)CI%roupl i 9 I:Elgroupl i3 PCBoupl j-2

j =2018, response % 1y Lags = ¢ | ’ 22
éPCRSroupZ,j-l [:] Pg%roupZ,jA PCBOUpZ,j 3 ( )
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Scenario 3.a
Stage 1: PCR]J = bg + blti,j + alPCRi_j_3 + do PCRi,j—2+ ngcRi_j_l

Stage 2: PCRl,] = hu + blti,j + dq PCRi,j—4 + aZPCRLj_3+ dg PCRj_j_Z
Stage 3: PCR]J = bg + blti,j + alPCRi_j_S + do PCRi,j—4+ H3PCRj_j_3+ 34PCR1J_2
Stage 4. PCR” = bg + blti,j + alPCRj_j_6 +a, PCRi,j—S"' HgPCRj_j_4+ 34PCRL]‘_2

Scenario 3.b
Stage 1,2, 3,4, 5: PCRl,] = hu + hlti,j + alPCRLj_3 + aZPCR-l_j_Z

Note: The coefficients b,, b,, and a,, a,, ..., a, are updated in each stage of prediction

Figure 38. Schematic description of the Scenario 3.

5.8.2.4 Scenario 4

For Scenario 4, it is assumed that all sections are measured in yea)2613and then
sites enter into one of three patterns where they are surveyed once every three years (Group 1:
first branch of segments to receive a new measurement, first twarréggire39; Group 2:
second branch of segment with a new measurement, two middle réwsiie39; and Group 3:
third branch of segment with a new measurement, last two rokiguk39). As a result, in
20162019 only a third of the network is surveyed every year, as shokigune39. Again, two
different case scenarios are considered, first for Scenario-4da@@odel is used for Stages 1,
2, and 3, followed by a-ag model for Stage 4.

For Scenario 4b a-llag model is calibrated in each stage; however, for Stage 1 and 2 the
first and second lag is used, respectively, while in Stage 3 and 4 the third lag is employed. As
with the third scenario, the response and predictor matrices angexulren such a way that the

number of observations used to calibrate the model in each stage is as high as possible.
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Following the same examples presented in Scenario 3, in Stage 2 when the current
pavement condition is set as tAERmeasured if = 2017, the response and the matrix of lags is
set as shown in Equati¢@3). For the Group 1, the most recent pavement condition was
collected inj = 2016, hence the response and lag are $&€Rs.1= PCR 2016 andPCRj.3=
PCR 2014 respectivelywhereas the Group 2 received a new measuremgnt2017, as a
consequence the response and the lag can beR€Rgs PCR 2017andPCRj> = PCR 2015,
respectivelyfinally, for Group 3 the most recent measuremepti2015 and the response and
lags are defined #3CRj-2= PCR 2015andPCR;j.4= PCR 2013

2013 2015 ! 2017 2019
I
' @ o () ()
2014 | 2016 2018
B o [ D D | | D
1 1 1 | 1 1
2 2 2 : 2 2
3 3 3 1
4 4 4 :
5 5 5 |
6 6 6 :
I

Future Measurements
Scenario 4.a
Stage 1: PCR]_] = bg + blti,j + alPCRi_j_3 + dy PCRi,j—2+ H3PCRi_j_1

Stage 2: PCR;j = by + byt + a; PCRyj_s + a,PCR;j_3+ a3PCRyj_,
Stage 3: PCR;; = by + bytj; + a;PCR;j_5 + a;PCR;j_4+ a3PCR;j_5
Stage 4: PCR;j = by + byt;; + a;PCR;j_s + a,PCR;j_s+ a3PCR;j_4+ a4PCR;j_3
Scenario 4.b
Stage 1: PCR;; = by + byt;; +a;PCR;j_4
Stage 2: PCR;;j = by + bytjj + a;PCR;j_,
Stage 3 and 4: PCR;; = by + byt;; + a;PCR;j_3

Note: The coefficients by, by, and a,, a,, ..., 8, are updated in each stage of prediction

Figure 39. Schematic description of the Scenario 4.

Similarly, in Stage 3 the response and the matrix of lags are defined as indicated in
Equation(24). Now, the whole road segments can be used to calibrate the autoregression model,

but in this case the most recent pavement condition for the Group 1 apd 2046 and =
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2017, respectively, whereas the Group 3 received a new measurefe20h8. Alike with the
previous scenarios, the empty cell$-igure39indicates a missing observation, and the model

calibrated in yeayis used to impute these missing observations.

ePCRy oy 1 2 PER o -2

j=2017, response % PCR.», § L29S= PCRuw., > 23
&PCRoums. 2 Y PER 0wz, j -4
ePCRyous 2 2 PER o, 5

j =2018, response :g PCR.»2. i 1 g Lags = @ngm |4 (29
§PCRyous; Y PER ous. 5

5.9. Results

To explain the results, first an individual pavement section has been selected to illustrate
the results of each scenario. Then, the results for the whole network are evaluated through the
goodness of fit indicators obtained at each stage of predicteacinscenario, i.e., thAPE,
the SDAPE andR?, as summarized ifiable4 andTable5 for the calibration and imputed set,
respectively.

5.9.1 Individual Section Results

A pavement section was selected at random from the database and the observed values,
the mean of the predictions, as well as the 95% credible interval of the predictions are presented.
The section selected was ID = 1,000, the complete results for scénardbare depicted in
Figure40to Figure42; similar results are observed in the other segments.

As depicted irFigure40, Scenar i easuls u(adlbdu)s ipnreocsdsuces t he
uncertainty band in the predictions. This scenario uses all the information available to update the
prediction of the whole network at each stage of prediction. For example, the first plot in the
upper row from left to right irfFigure40, shows the Stage 1 of prediction where the most recent
pavement condition was observed in year 2016. Then, the adjacent figure (BésgeRsvhere
the most recent pavement condition was observed in year 2017. If one compares the results of

Stage 4 of Scenario 1 for section ID = 1,000 against the results of the last stage of prediction in
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the other scenarios, it is observed that overall Scenario 1 produces the smallest uncertainty band
in the predicted values (defined as the difference between th@&téntile and the 25

percentile of the posterior prediction set); for this sectiootter of the other scenarios from

the lowest to the highest uncertainty level is Scenario 3b, 3a, 2, 4a, and 4b.

By comparing the results of Scenario 1 with those of Scenarié-@ume40, it is evident
that Scenario 1 captures more accurately the deterioration process, because the last available
measurement collected at year 2019 allows the model of Scenario 1 in Stage 4 to adjust the
deterioration trend. Conversely, in Scenario 2 thiedasdition available corresponds to year
2018, which induces a slight reduction in the slope of the overall deterioration curve. Thus, the
model of Stage 2 in Scenario 2 predicts high€Rvalues than Scenario 1. Also, the uncertainty
band width (97.5percentilei 2.5-percentile) in Scenario 1 at age 2025 is 26.9 while in Scenario
2 is equal to 28.8.

By contrasting the predictions osbanap |niendg owi
with those of Scenario 1, one can observe that the uncertainty band of Scenario 3a and 3b is
wider at year 2025 of Stage 4 (28.2 and 27.9, respectively). This hdmmnse the imputed
values in 2016 and 2018 (section ID = 1,000 belongs to the Group 1 described previously when
presenting Scenario 3), though they were not used to calibrate the model, have an uncertainty
associated which propagates through the forweedigtions, i.e., the uncertainty in the imputed
values propagates to the forecasted pavement condition through the autoregression function.

As shown inFigure42, Scenarios 4a and 4b produced the higher uncertainty levels from
all the scenarios, this probably happens because the observations in 2016 and 2017 were imputed
in Stage 1 and 2, respectively; as a result, the uncertainty of these imputed values gropagate
forward to the predicted values in the future. By comparing Scenario 4a and 4b it was observed
that on average the former produces a lower uncertainty band (49.3 for Scenario 4a and 57.4 for
Scenario 4b), this might be explained by the fact that Sceflanised only one lag, which may

have reduced the prediction capabilities of the model.
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Figure 40. Example of the results, using section ID = 1,000, for Scenario 1 and 2.
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Figure 41. Example of the results, using section ID = 1,000, for Scenario 3a and 3b.

97



Scenario 4a
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Figure 42. Example of the results, using section ID = 1,000, for Scenario 4a and 4b.

For Section ID = 1,000, the effect on the imputed values is appreciated by analyzing the

APEat year 2019 for each stage of prediction. Important to mention that in this cadegise

calculated using the predictions made for Scenario 1 as the baseline of comparison. This
comparison is depicted Figure43, as shown after Stage 1 Scenario 3 (a) and (b) produced the
lowestAPE, followed by Scenario 4 (a) and (b). This suggests monitoring half or even a third of
the network is more beneficial that skipping an entire year, this happens because both Scenario 3

and 4 uses the annual observations to update the imputation procesingra more accurate
representation of the missing observations.
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Figure 43. Comparison of the APE atyear 2019 for each stage of prediction (Scenario 1
taken as the baseline) for Section ID = 1,000.

5.9.2 Network Results

To compare the predictions made in each scenario for all the segments of the network,
Figure44 shows the distribution of the predicte@€Rvalues in 2019 across the network using
the Stage 3 of prediction for each scenario (except in Scenario 2, where the Stage 2 was used).
Stage 3 is the one that uses @@Robserved in year 2018 to calibrate the autoregression
models. Depending on the scenario, different lags were used as indicaigara33to Figure
36, and the predictions made for year 2019 were used to calculate the proportion of the network
in eachPCRcategory shown ifrigure44.

Part(a)-(e) of Figure44 show the proportion of the network witiP€R>90,
80<PCRE90, 70<PCRE80, 60<PCRE70, andPCRE60, respectivelyThe first bar in each graph
of Figure44is the observed proportion of the network withing P@Rrange, e.g., in 2019 it
was observed that 69.1% of the segments in the network P@&00, whereas 1.2% had a
PCRIless than or equal to 60. The remaining columns correspond to the proportion of the
network in eaciPCRcategory based on the predictions made with each scenario. For example, it
was predicted that in 2019 the 77.3%, 80.5%, 83.7%, 83.1%, 82.7%, and 82.8% of the network

have aPCR>90 using Scenario 1 to Scenario 4b, respectively. As shown, in general terms the
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predictions with Scenario 1 are closer to the obselP@dproportions in 2019. A similar

situation was noticed in each year of prediction for each stage of prediction.
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Figure 44. Summary of predictions made for year 2019 at Stage 3 of predictions: (a)
PCR>90, (b) 80<PCR90, (c) 70<PCR80, (d) 60<PCR70, (e) PCRE60, and (f) PCR
uncertainty band width.

In addition,Figure44 (f) presents the average uncertainty band width in the predicted
PCRuvalues for year 2019 in Stage 3 of prediction. As mentioned before, the uncertainty band for
a given segment is defined as the difference between the predictquegdehtile and the 2.5
percentilePCR The dots irFigure44 (f) represents the mean of the uncertainty band width
across all the segments in the network, while the red vertical lines indicate the standard
deviation. As presented, Scenario 1 produces the smallest uncertainty band, followed by
Scenario 3b, 3a, 2, 4and 4b.

In summary, the findings obtained for individual sections, as the one illustrefegune
40to Figure42, matches with the findings observed in each stage of prediction for the entire
network; this is, the scenario with the lowest uncertainty and highest accuracy is Scenario 1,
followed by Scenario 3b and 3a. It is expected that ScenanodLicegshe most accurate
predictions because it incorporates the entire dataset; however, in case a reduced survey

frequency needs to be implemented scenarios, such as Scenario 3, can produce similar results.
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Table4 summarizes thMMAPE, SDAPEandR? calculated for the sections used to
calibrate the autoregression models in each stage of prediction in each scenario. For example, in
Stage 2 of prediction of Scenario 3a, only the Group 2 of sections were used to calibrate the
model (N = 3,949), wheredise other half was imputed as indicated in Equai&3h
Table 4. Summary of theMAPE, SDAPE,and R? in each scenario for the calibration set.

) MAPE (SDAPE) R?
Scenarios Stage
2016 2017 2018 2019 | 2016/| 2017| 2018 2019
1 22(3.1)| 29(3.0)| 44(4.0)| 59(5.8)| 0.80| 0.78 | 0.64 | 0.56
S,csnario.l 2 -(-) 23(3.1)| 2.8(3.8)| 5.0(6.7)| - 0.82 | 0.79 | 0.59
O0bus-
asus uz: 3 -(-) -() 2.7 (3.5 3.7(5.4)| - - 0.81| 0.75
4 -(5) -(-) -(-) 3.8(4.6)| - - - 0.78
1 2.2(3.1)| 2.8(2.9)| 42(3.9)| 5.8(5.8)| 0.80| 0.78 | 0.64 | 0.56
Scenario2 o () -() - () - (9) - - - -
'reduced
41 -0 | -0 | -0 | -0 | - - -]
_ 1 22(3.1)| 2.8(3.0)| 4.2(3.9)| 59(6.0)| 0.79 | 0.77 | 0.66 | 0.54
Scenario
3a 2 -(-) 29(3.8)| 3.6(4.3)| 5.7(7.0)| - 0.75| 0.70 | 0.54
‘halfway 3 -(9) -() |85(4.1)|57(75)| - - 1073|051
sampling'
4 -(-) -() -(-) 6.0 (6.4)| - - - 0.57
_ 1 23(3.2)| 2.8(3.0)| 42(4.) | 59(6.1)| 0.78 | 0.77 | 0.66 | 0.53
Scenario
3b 2 - () 3.0(3.7)| 3.8(4.2)| 5.8(6.8)| - 0.74| 0.70 | 0.54
‘halfway- 3 - () -() | 35(4.3)]56(7.1) - - 10.72]| 054
sampling'
4 -(-) -() -(-) 5.9 (6.8)| - - - 0.54
_ 1 23(3.1)| 3.(3.2) | 44(4.) | 6.(6.2) | 0.78 | 0.75| 0.63 | 0.51
Scenario
4a 2 -(5) 29(3.8)| 3.7(45)| 5.6 (7.1)| - 0.75| 0.69 | 0.55
least 3 () -() | 4044|5670 - - 1067|054
sampling'
4 -() -(-) -(5) 57 (6.1)| - - - 0.53
, 1 23(3.1)| 3.1(3.2)| 45(4.1)| 6.2(6.3)| 0.78 | 0.73 | 0.61 | 0.48
Scenario
4b 2 -(-) 3.0(3.8)| 3.9(4.3)| 5.7(7.0)| - 0.74 | 0.67 | 0.55
least 3 () -() | 41@5)| 6.2(7.3)| - - 065|047
sampling’
4 - () -() - () 6.2 (7.3)| - - - 0.48

Note: Highlighted cells indicate the year with the latest observed condition in each stage of
prediction. Hence, ncehighlighted cells indicate forecasted periods.
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As presented iffable4, in Stage 1 of prediction, Scenario 1 produch$A®PE of 2.2,

2.9, 4.4, and 5.9 with 8DAPEof 3.1, 3.0, 4.0, and 5.8 in year 2016 to 2019, respectively. Then,
for Stage 2 where the latest pavement condition was observed in year 20MAPE&or years

2017 to 2019 was 2.3, 2.8, and 5.0. In the other han®tbalculated over the year where the
models were calibrated (highlighted cellsTiable4) was 0.80, 0.82, 0.81, and 0.78, for years
2016 to 2019, respectively.

If one compares these results against the values obtained with the other scenarios it is
evident the biggest differences are obtained with Scenario 4a and 4b. For exanifla) trear
2019 of Stage 4 of prediction in each scenario reduced to 0.53 and 0.48, whikRE@and
SDAPEincreased to 6.2 and 7.3, and 5.7 and 6.1, for Scenario 4a and 4b, respectively.

Similarly, if one looks the year 2019 for the latest stage of prediction of Scenario 2, 3a,
and 3b, it is noticed the model of Scenario 3a and 3b produces a Righién lower MAPE and
SDAPE From these three scenarios, the one with the higestd lower error distribution is
Scenario 3a, that has BAof 0.57, aMAPE of 6.0 andSDAPEOof 6.4, in year 2019 of Stage 4.
Furthermore, by comparing tiR€ and error distribution for all the other years among each
scenario, it is evident that the Scenario 3a and 3b provides the highest accuracy with the lowest
absolute percent errors.

Finally, Table5 presents a summary of the same parameters, but in this case calculated
using only sections with imputed observations. Despite Scenario 2 misses two entire years of
observations, the accuracy of the autoregression models to impute the missing obseraations w
appropriate with & of 0.78 and 0.58 for the values imputed in year 2017 and 2019,
respectively. The scenarios with the lowest imputation accuracy are again Scenarios 4a and 4b,
in the former thd?? for years 2016 to 2019 was 0.79, 0.75, 0.67, and 0.55, respectively, whereas,
for the latter scenario was 0.78, 0.75, 0.65, 0.27. In contrast, the scenarios with the highest
accuracy in the imputation process were Scenarios 3a \Rtlo#0.79, 0.75, 0.67, and 0.67 for
years 2016 to 2019, respectively éxknario 3b with & of 0.78, 0.75, 0.61, and 0.65,
respectively.

In terms of theMAPE andSDAPEa distribution like the one of tHe values was
observed, this is, the Scenario 4a and 4b have the highest errors, whereas Scenario 3a and 3b

have the lowest errors.
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5.10. Limitations and Future Work

Proper handling of missing and/or incomplete data is important in all analyses and is
serious in a PMS. Incomplete observations affect the outputs of the analysis modules in the PMS,
e.g., the cost estimates and budget allocation. This outcome occursebgEBMS elements
are interconnected, consequently a change in the database will affect the deterioration models
and all the elements that use them as an input

Table 5. Summary of theMAPE, SDAPE,and R? in each scenario for imputed values.

) MAPE (SDAPE) R?
Scenarios Stage
2016 2017 2018 2019 | 2016| 2017| 2018| 2019
1 -(9) 2829 -() 58(5.8) | - 0.78| - 0.56
Scenario2 o () -() () - () - - - -
‘reduced
sampling' 3 -() -() -() | 58(65)| - - - | 0.58
O O I B O B B © N O T A I R
_ 1 22(3.2)| 3.2(3.3)| 45(4.3)| 5.9(6.2)| 0.79 | 0.72 | 0.62 | 0.52
Scenario
3a 2 -(-) 28(3.5)| 40(4.6)| 4.8(6.1)| - 0.75| 0.65| 0.63
halfway 3 - () -() |39(@45)|50(67)| - | - [067|057
sampling'
4 -(5) -(-) -(-) 47 (5.1)| - - - 0.67
_ 1 23(3.2)| 3.1(3.3)| 45(4.3)| 6.(6.3) | 0.78 | 0.73| 0.62| 0.51
Scenario
3b 2 -(5) 28(3.5)| 4.1(44)| 4.8(5.8)| - 0.75| 0.65 | 0.64
‘halfway- 3 - () -() |43(.1)] 50(6.3)] - - | 061/ 0.60
sampling'
4 -() -(-) -(-) 47 (.7 - - - 0.65
_ 1 22(3.2)(3.2(3.4)| 45(4.3)| 59(6.1)| 0.79| 0.72| 0.61| 0.51
Scenario
4a 2 -(5) 28(3.6)| 4.0(4.8)| 5.6(6.9 | - 0.75| 0.64 | 0.52
'Ieas.t 3 -(5) -(-) 40 (4.4)| 5.7(7.0)| - - 0.67 | 0.51
sampling'
4 - () -() -(-) 5.7 (6.0)| - - - 0.55
_ 1 2.3(3.2)| 3.3(3.4)| 47(4.4)| 6.3(6.3)| 0.78 | 0.71 | 0.57 | 0.47
Scenario
4b 2 -(-) 28(3.5)| 4.2(4.6)| 55(6.7)| - 0.75| 0.63 | 0.54
'Ieas_t 3 -(-) -() 40(@4.5) 7.2(85)| - - 0.65 | 0.27
sampling’
- () -() () [72@5] - | - | - 027

Furthermore, as explained in the introduction, missing observations may become more
frequent and state highway agencies need to be prepared to make future planning based on a
limited sample size of the network condition. Agencies may also begin to comsicker
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heterogeneous sampling approaches (for example monitoring primary routes annually-and non
primary routes less frequently) than currently used.

For this reason, in this paper a multiple imputation approach was evaluated. As the results
suggested, by using the autoregression approach in conjunction with the multiple imputation
method it is possible to impute missing observations by accountingtieetainty in the
predictions. By doing this, the uncertainty associated with the missing observations is considered
when predicting the future pavement condition, this is important because it provides the agencies
a spectrum of possible future conditioather than a single prediction stage.

There are several ways to deal with missing data. Statistical techniques exist to manage
incomplete data, avoid biased estimates, and to rebuild the missing values of the datasets to
improve their accuracy and precision. In this research the multipleatrgpuapproach was
chosen due to the practicality of integrating the autoregression model with theRNiagkage
and use a Bayesian model estimation. However, there are other alternatives that deserve to be
evaluated that might account for spatial effecthe imputations such as the KNNimpute
algorithm or more advance techniques that involves machine learning, reference to these
techniques can be found elsewheré@vioh'd 2013; Marcelin@t al. 202). Nevertheless, the
methods used in this paper can be used as the starting point that may lead to more complicated
and accurate solutions.

Other issues also exist, as shown in the literature review sectionliaeanfunction is
frequently used to model pavement performance. Hence, one limitation of the current approach
is the linear structure of the deterioration process (see Eqa8nAddressing this limitation
could improve the longeterm prediction trends from the model. Alsowas assumed tHeCR
follows a normal distribution, hence the values of the 1,000 simulations of the posterior
prediction distribution were centered around the mean with a dispersion equal to the standard
deviation. Hence, for those observations wherdPfBRis close to 100 it might be possible that
some values during the simulation were greater than 100, because the possible variation in a
normal distrib@ion is equal to the mean = the standard deviation. One way to solve this issue is
constrain the posterior distribution of the response. None of these alternatives have been
evaluated in this paper but will be in future work.

One advantage of this model is the possibility of using the prediction uncertainty, like the

one shown irFigure44, for each segment of the network to calculate the probability that a
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certainPCRwill exist. For example, Stage 3 of Scenario 1 one might be able to predict that the
most likelyPCRvalue for Segment 1,000 in 2019 is going to be 92.22, and that the probability
that thePCRVvalue in this section is less than 80 is 15.45%. This advantage can then be leveraged
to determine optimal survey frequencies in a more dynamic way by considering the probability
(based on the posterior distribution of the model) that the performarcédid some pre

defined investigatory threshold.

Consequently, the analysis presented in this paper can be improved by evaluating a set of
scenarios that are specified based on the probability of surpassing a predefined threshold. For
example, if for the network used in this study one calculates thalglity of observing a
PCRO80 in year 2019, and then selects those se
equal to 20%, it is possible to create the set of maps shoigure45. To create the map of
Figure45, these probabilities were calculated using the results of each scenario calculated with
the prediction stage that uses 2018 asrthst recent pavement condition, this is Stage 2 for
Scenario 2, and Stage 3 for Scenarios 3a, 3b, 4a, and 4b. The segments of interest are highlighted
in red and the proportion of the network that meets the criteria of ha#®CRO8 0) i s al so
shown inFigure45. These segments require a special attention; hence an annual frequency can

be set at these sections and a more laxed frequency for the rest of the network.
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Figure 45. Comparison of the predicted PCR in year 2019 in each scenario using the model
calibrated with the observations in year 2018.
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By setting the measurement frequency by usingthbability of surpassing certain
threshold, it is possible to incorporate the uncertainty associated to both the measurement process
of thePCRvalues and those unknown factors that affects the pavement deterioration process.
The evaluation of this concept is currently being investigated by the authors.

5.11. Conclusions

The following conclusions are made based on the results shown in this paper.

1 Theauter egr essi on met hod was cofturravetbe ch pwirtola ct
Byusingtheauto egr essi on met khcaud voeve ra ptphreo aécfha mitl yi s
reduce the Mean Absolute Percent ErddAPE) of the predictions by 40%.

1 The auteregression model can predict the future pavement condition with great accuracy.

By fitting the model using the 2016 observations as the response, theRhvgel 0.80,

this R? reduced to 0.57 when comparing the predictions of the model with the observed
values in 2019. dwnrvcoedtamptt ¢Rofd.42parid®d.@8mi ¢ ¢ a |
in 2016 and 2019, respectively.

1  When comparing the resultidAPE of each scenario it was found that Scenario 1
(6Busasinesasl 0) captures the deteri dRféasti on c
and lower uncertainty band widths, than other scenarios. Therefore, this is the desired
option.

1 The study demonstrated that the more data available the better. Predictions are becoming
less accurate by reducing the frequency of the pavement survey, the methodology
presented in this paper can be used to compare possible scenarios of different
measurerant frequency. From the three scenarios of reduced frequency evaluated in this
paper, Scenarisadmplomgdbh ,( pwmalvfiwaey t he bes
prediction error and sample size.

1 One advantage of the autegression model is the possibility of using the uncertainty
band of the predictions to calculate the probability of observing a pavement condition
below certain threshold. The possibility of using this probability to specify the
measurement frequency seems promising.

In closing, the authors would like to emphasize again that the analysis presented here

envisions a scenario where an agency must make the difficult decision to reduce the monitoring
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frequency of their network. In doing this, care must be taken to consider exactly how this
reduced sampling is done so that as little information is lost as possible. Further research may

eventually identify strategies that permit negligible loss of in&drom with more dynamic
monitoring of the network.
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CHAPTER 6. DEVELOPMENT OF BAYESIAN PROBABILISTIC MODEL

As illustrated in Figure 1, Chapter 6 delves into pavement management systems, with a
keen focus on understanding the relationship between performance and time degradation. Central
to this is the utilization of performance family curves, developed byiaggtata from
pavements across varying ages.

Two distinct methodologies are examined in this chapter for defining the family curve
function. MethodA takes on a Bayesian approach, adjusting both the family curve and its shift
factor, with an underlying assumption of a Beta distributioNiGfPCR On the other hand,

Method B adopts a noarametric stance, initially fitting the family curve and then making
necessary adjustments to minimdiscrepancies.

Drawing fromNC-PCRvalues of flexible pavements in North Carolina, the chapter
compares these methods against each other. After rigorous evaluation, the Bayesian approach of
MethodA emerges with marked advantages in terms of accuracy and adaptability. This
superiority of he Bayesian model is not only emphasized in this chapter but also sets the stage
for its extended application and exploration in subsequent chapters, underlining its potential in
the broader context of pavement management and analysis.

The present work has been published in the Transportation Research Record, Journal of
the Transportation Research Board, © National Academy of Sciences: Transportation Research
Board 203. https://doi.org/10.1177/03611981231155488has been reprinted here according
to SAGEG6s aut hasegudelioegs.i vi ng and r e

6.1. Introduction

An essential element of any pavement management system (PMS) is the pavement
performance models; these models describe how pavement conditions change over time and help
engineers to understand future needs and distribute the available funds in an optagized
ensuring a serviceable pavement netw@lkarni and Miller, 2003. The effectiveness of the
pavement performance model depends, not only on the model's accuracy, but also on the
accuracy of the measured data. Effective performance models yield effective pavement
management and rehabilitation decismaking (M&R), leadng to expected results with the
optimized usage of available resour@@8SHTO, 2012.

Pavement performance models can be categorized based on the modeling techniques

utilized. Common performance model types include mechanistic, mechamggidcal, and
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empirical(Li and Xie, 1997. Based on the output from the models, they can be further classified
as deterministic and probabilisgBASHTO, 2012; Li and Xie1997. Deterministic models

estimate a single pavement condition rating or determine the time taken to reach a certain value
of pavement condition. In contrast, a probabilistic model explicitly considers the uncertainty of
the model and expresses the outpud psobability of a particular pavement change from one
condition to another.

Most state DOTs have focused on deterministic models because they are easier to
explain, interpret, and incorporate into PMS structiresig and Prozzi2006; Golabi et al.

1982; Zellney 183). Deterministic Models could be developed for a group of pavements or
pavements with similar performance characteristics or individual pavement sections, and such
models are called family models.

The pavements within a 'family’ usually have similar characteristics, like the same surface
type, functional classification, and traffic levels. As a result of these similarities, each pavement
in the family is expected to have a similar performatimoe-degradation(Prozziand Madanat,
2004;Luo, 2013. Though these family models may be adequate at the network level, they might
not be adequate at the project level because of the inherent uncertainty in using those models
(Luo, 2013. For this reason, more robust models are needed, ones that embrace the concept of
uncertainty and can be used to predict future pavement conditions and to assess the associated
probability for those predictions to occur.

A typical family model can be improved if one adjusts the age of the pavement, so the
observed deterioration trend of the section matches the deterioration of the pavements in that
family. This adjustment is achieved by horizontally shifting the obsensatbthe section in
time. Furthermore, this shifting may be done in conjunction with the fitting (collective
optimization), in sequence with the fitting (sequentialative optimization), or a combination
of the two(Luo, 2013. Figure46illustrates how the individual pavements prediction curve is
derived from the family curve.

Random effect models have been used to account for random heterogeneity. These
models incorporate random parameters that account for individual deterioration rates and initial
performance valug€arey and Irick1960. Although random effect models can help to describe

a portion of the pavement deterioration stochastic process, they need more coefficients to
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describe the data variability among the family. This condition is especially problematic in large
networks(Hong and Prozzi, 2006

Unfortunately, there exist only a few approaches that can describe the deterioration
process stochasticity without considering an excessive number of coefficients. The Markov
process is one such random process describing the sequence of the possibleexentsne
event depends only on the state of the previous event, meaning this model has no memory of

pavement condition histoi§zolabi et al., 198p
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Figure 46. Horizontal shift family curve.

One alternative to the Markov process approach is the Bayesian technique, which can
account for both the memory of pavement history and stochasticity. This approach can assist the
guantification of uncertainty in parameters and predictions by incorpothgrgior knowledge
into the existing knowledg@&ellner, 1983. One desired property of this approach is that does
not imply the maximization of any function, unlike the random effects nm@e#her, 1983.

Another alternative is the ngrarametric method. This method can also assist in the
guantification of the uncertainty in the parameters of a model and can also be used to estimate
the uncertainty band on the predictigAdper, 1993. Perhaps, one aspect of this method that
attracts the attention of researchers over a Bayesian inference is the amount of time required to

conduct an analysis, which can be considerably shorter using this approach.
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Although Bayesian and ngmarametric methods offer similar advantages, the authors
review of the literature did not find any examples where these methods were directly compared.
Therefore, this paper presents a comparison between the Bayesian approach against the non
parametric approach in terms of both the prediction capability and their potential to be used in a

PMS for large pavement networks.

6.2. Objectives

The main goal of this paper is to demonstrate how to develop a robust probabilistic model
for the accurate prediction of future pavement conditions. To achieve this goal the following
objectives are pursued:

1. Develop a probabilistic model based on the family curve concept, using both a
nontparametric method and a Bayesian technique
2. Statistically compare the Bayesian and+panametric methods to fit agghifted

models

6.3. Data

Pavement condition data from the North Carolina Department of Transportation
(NCDOT) for Interstates and UBoutes was used for this analysis. The NCDOT has been
conducting an annual automated distress survey on all type of pavements under its jurisdiction
since 2013. This data collection includes an inventory of individual distresses with their
respective units. These distresses serve as input to the computation of a composite index known
as the North Carolina Pavement Condition RatdG-PCR. TheNC-PCRvalue range from 0
(poor condition) to 100 (excellent condition). It is computed by summing up a sequence of
discount factors that are defined based on the extent and severity of various distresses. Explicit
details on the definitions and computationlef NC-PCRvalues can be found elsewhere
(Underwoocdket al., 2011 All the distresses and the resultiN@-PCRare reported in O-inile
sections that can be downloaded from the NCDOT PMS as georeferenced shapefiles.

Prior to model development, the downloaded dataset was processed and organized. First,
the different shapefile layers were aligned using the NCDOT's Linear Referencing System. This
alignment yielded a total of 104,727 individual-dnile sections for thegars 20132020. Then,
pavement sections known to have received rehabilitation during the2P@03timeframe were
filtered out. This filtering was done because the analysis focuses on developing a model for
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pavement deterioration, and intervening rehabilitations interfere with the normal deterioration
process. Once the rehabilitated sections were removed, a total of 36,354 individud0.1
sections remained.

Although sections with rehabilitation were removed, some unusual patterns existed in the
data, like 'jJumps’ or 'dips’ ithe NC-PCRtrend. Though the data collection and analysis are-semi
automated, one would naturally expect some-pearyear variation owing to variances in the
artificial intelligence distress identification algorithm, image collection variances, and other
random ad unknown effects. In this study, an acceptable jump or dipeiNC-PCRtrend
caused by these expected issues was dedfineah absolute percent differendRD) between
consecutive values of less than 1{Gdenaga et al., 2023ites, where yeawveryear APD
was higher than 10%, were flagged and processed further. Data cleansing is mainly performed
either by interpolation or by the exclusion of sections in a process characterized by six possible
situations, included in

Figure47. Here A, B, C, and D represent tNE-PCRvalues in the years 2013, 2014,

2015, and 2016, respectively. Each situation is detailed below:
1 Situation-0: If the APD between A, B, and C was less than 10%, then no issues were
flagged and no additional processing was needed.
1 Situation-1: If B, was greater than in A and C by 10%, then B was considered an unrealistic

measurement. Situatieh could be realistic if the section had been rehabilitated in 2014

and this activity had not been reported in the PMS. Thus, to evaluate the probatiigy o

occurring and erroneously labeling a rehabilitated section as Sitdatidren it was not,

the authors reviewed the photo logs of a subset of approximately 100 pavement sections

that exhibited this pattern. From this review, 80% of pheto logs showed no clear

evidence of any asphalt overlay or major treatment. Therefore, in a section with this pattern,
the value for year 2014 was replaced by the average of A and C. A total of 461 sections
were corrected using this filter.

1 Situation-2: If B was lower than A and C by 10%, then D was evaluated. The following

refers to actions taken based on the value of D.

o D was greater than A, and tiNC-PCR has an increasing trend that could be
associated with a possible rehabilitation not reported in the PMS. A total of 814
sections were excluded.

112



o If D was less than A, the section followed a trend like Situatiomeaning that B
and C can be considered erroneous measurements, replaced by interpolation using
A and D values. A total of 2,084 sections were corrected with this filter.

1 Situation-3: If B and C were increasing by 10% with respect to A, then the values in these
sections were considered unreliable were be removed. A total of 298 sections in this
situation were discarded.

1 Situation-4: If C was greater than B by 10%, and its magnitude was also greater than A,
then the deterioration from these sections was inaccurate. In consequence, a total of 2,034
sections with this trend were excluded.

1 Situation-5: If B and C were greater than A by 10 %, then the section might have received
maintenance not reported in the PMS. As a result, 1,470 sections in this situation were
excluded.

1 Situation-6: If the value of A was greater than 80, and if B and C were decreasing with
respect to A by a value greater than 10%, then this steep deterioration rate seemed
unrealistic. These sections were found to be outliers considering the overall deterioration
trend of all the sections. In total, 750 sections in this situation were excluded.

Because of these filters, the sections were reduced to a final set of 30,988. Once the
database was cleansed, pavement sections were grouped into pavement families according to
their surface mixture type and traffic level. For surface type, two differedtira categories
were defined, i) Dense mixes and ii) High Friction Course (HFC) mixes.

Dense mixes are all Superpavased mix designs with either a 9.5 mm or 12.5 mm
nominal maximum aggregate size. The designations for these mixtures are S9.5A, S9.5B, S9.5C,
S9.5D, S12.5B, S12.5C, and S12.5D, where the 'S’ designates the mixture wasl @ssgne
surface course, the last letter-[A designates the truck traffic category, ‘A’ for the lowest and
'D' for the highest traffic category, respectively. The primary difference is in the design
compaction effort, stricter asphalt pavement analyzetepth requirements, and asphalt binder
grades. Similarly, the HFC mixes consist of either Opeaded Asphalt Friction Courses
(OGAFC) or Ultrathin Bounded Wearing Courses (UTBWC).

After grouping the sections by these two mix categories, these were again classified into

four categories based on the Annual Average Daily Traffic (AADT).

113



1. Categoryl, AADT < 8,960 (8,960 is the $ercentile of the traffic on all
sections)

2. Category2, AADT O 8,960 and AADT < 40,000

3. Category3, AADT O 40,000 and AADT < 80,000

4. Category4, AADT O 80, 000

The limit of these categories was defined based on the data distribution (8,960 I8 the 25

percentile of the AADT across all sections) and the AADT values defined in the NCDOT
pavement design guiddlCDOT, 2020 to establish the serviceability levels for pavement design
(40,000 and 80,000kigure48 shows a summary of the number of sections in each traffic

category according to the mix type.
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Figure 48. Summary of distribution of study sections by traffic category and surface type.

6.4. Methodology

As noted earlier, the objective of this paper is to derive a probabilistic pavement
deterioration model, based on the family curve concept with parameters estimated by the
Bayesian Technique and a Nparametric method. While the exact model characteoizand
other details of the numerical implementation differ, both approaches adopted a sigmoidal
function as the general family functional form.

This decision was based on the workRéich and Ghosh, 20pIThe sigmoidal function
adopted as the general family model is presented in Equapn

PCR = % (25
1+ expg ! .
where;
PCR; = is theNC-PCRobserved at yearin Section,
tij = age of the pavement at yean Section],
b = modelparameter indicating the distance to the inflection point, and
C = model parameter indicating the slope of the curve at the inflection point.
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The family curve can be adjusted to better describe the deterioration of $dgtion
horizontally shifting the master curve. This shifted curve can be described by EdR6}ias
follows:

100
s+t -b

1+expgiJ b
& C

PCR = (26)

The shift factors indicates the horizontal displacement to match the deterioration trend
of the Section with the ‘family’ curve. The horizontally shifted age is termed the reduced age (

t;) and it is described mathematically in Equa(idf). A section shifted to the left is eged,

one shifted to the right is aged, and one that does not require a shift is known as unshifted.
tijs =t -5 (27)

6.5. Method-A: Bayesian Framework for Uncertainty Quantification

6.5.1 Bayesian Analysis
For MethodA, a Bayesian notinear Beta regression has been used to calibrate the
family model. This approach allowed the quantification of uncertainty in the coeffibieats
shift factors, and the model predictions. The reader can ref@démgand Prozzi2006;
Zellner, 1983 for details about Bayesian analysis. In short, Bayesian inference takes prior
knowledge about the parameters to be estimated and combines it with the likelihood function to
find their posterior distribution. These three elements are defined below.
6.5.2 Prior Specification
For all the parameters, an uninformative prior was selected as expressed in Equations
(28) to (31). Given the nature of thdC-PCRdeterioration process, parametai@ndb should
always be positive. Hence an exponential function was introduced in the prior of both
parameters.
P(ala,)=exp(q); R, ( @~ Normal(0,100 (28)

P(bla,)=exp(g); R, ( @~ Normal(0,100 (29
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P (s,) ~ Normal(0,100; (30
al o ,

P, & o} Gammd0.1,0.1 (31
(; =

The joint density function resulting from these uninformative priors is shown in the

Equation(32) and is defined in the usual way for Bayesian methaddatarietal., 2016.

R

PQ O P(ala)R () Ab AR(S) g% (32

j=1

6.5.3 Likelihood Function
The likelihood function represents tNE&-PCRdistribution as a function of the model

coefficients. To define this distributioN\C-PCRdata from 2013 was extracted and its
probability distribution was obtained. It was observed thaNid>CRvalues are asymptotically
right skewed up to 100. The distribution that best describes this behavior is the beta distribution,
which was subsequently defined as the likelihood function in Equ@®nThe likelihood
function has been chosen in such a way that the mean of the distribution is equal to the family
curve of Equatior{26), scaled by 101 to match the properties of the Beta distribution that lie

between 0 and The dispersion around the mean is set by the parameter

= 100 (33)
T T )
? S c H+

P(Y,.§ [1.b,c)~ Betd £ (), r3(L ¢m)) (34)

6.5.4 Posterior Distribution
The posterior distribution is directly proportional to the product of the joint prior
distribution, Equatior§32), and the likelihood function, EquatiqB4), as expressed in Equation
(35). This function is the core of the analysis because it provides the distribution of each
parameter in the model conditioned on the observed pavement condition for each section.

PQIX,Y)~ HY.t | QR Q (39

Theconditioned posterior distribution was achieved by combining the Metropolis
Hasting algorithm and the Gibbs sampling method with MCMC. Observations of years 2013

2015 have been used to calibrate the model. To get a better understanding of the point of
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convergence two parallel chains with a thinning of five were used in MCMC. A total of 5,000
burrin iterations were performed to ensure the elimination of thecnamergent chain.

Additional 10,000 iterations were performed to extract samples. To camiéreconvergence of

all parameters, trace plots and effective sizes were examined, which confirmed that the
convergence was achieved with sufficient sample size. Also, Gelman and Rubin's diagnostic was
found to be 1.01, which, as suggested in the literaisigesign of convergen¢Reichand

Ghosh, 2021

6.6. Method-B: Regression with Nonparametric Methods for Uncertainty Quantification

6.6.1 Non-parametric Method

For this method, the family model described in Equaii) can be generalized by
adding the error terma; ~ N(0, s?), as indicated in Equatigi36). Once the family model is
calibrated,g; is estimated as the difference between the observed and the praifieRLR
hences? is equal to the variance of the estimaggdas described in Equati¢87).

In contrast to Method\, where the uncertainty of the predictions is induced by the
parameters of the model, in MethBadhe uncertainty of the predictions comes from the data. In
this sense, different replicates of the data set used to calibrate thedaraé can be generated,
by assuming the vector of the means is equal to the fitted model of Eq25oend, that a
vector of error terms can be approximated by a random sample frowithe?) distribution. A
replicate of the dataset is then generated using Equ&tpn

Method B, bases on Mont€arlo simulations to estimate the uncertainty band of the
parameters and the model predictions. If several replicates are generated, and the model of
Equation(25) is fitted for each replicate, it will allow one to obtain an estimate of the distribution
of the parameters and the model predictidg. MethodB involves a twestep calibration
process as indicated below.

100
NC-PCR = - € (36)
etu - b (4]
1+expg U
e ¢ u
s? :Var( @) ﬂx/ar( NG PCR™™ -NE PC}JFQre"‘“ej (37)

Step 1: Calibration of the 'Family Curve'
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First, the observations of years 26A@&15 have been used to calibrate the family model
shown in Equatioif25). The calibration was made through Aorear regression by minimizing
the sum of square errors (SSE). Next, the-parametric method described above was applied to
compute the uncertainty of the coefficients (paranteserdc) and the uncertainty band of the
predictions. For this purpose, 1,000 replicates of the dataset where generated, resulting in 1,000
samples of the parametgrandc.

Step 2: Shifting the 'Family Curve'

For each of the 1,000 samples of paramédi@nrsdc generated in previous step, the
horizontal 'shift' factor that minimizes the square errors of the observations at $émtipeari
was estimated. These shift factors are conditioned on pararheteds, therefore, the only
estimated parameter for each section was the 'shift' factominsearch function in MATLAB
was used to conduct the optimization procedure.

6.6.2 Comparison of Estimation Methods

Commonly used comparison methods for the-loear stochastic models akdold
cross validation, WAIC, and DIGVehtari et al., 2016 However, in a case with a finite data set,
like in the present study, approximations of WAIC and DIC have large errors. Ald®, itheot
recommended for comparing nbnear models because it has been reported that it identifies the
'right’ model only 2813% of the timgSpiess and Neumey&010. In such cases, more
computationally intense methods are prefe(kéehtari et al., 2016and so in this study, the
fold cross validation was used to compare the models estimated with the two methods. This
method is a resampling procedure in whialefers to the number of groups into which the data
can be groupedk value was set equal to five because it is the commonly used value according to
the literaturgReich and Ghos2021).This procedure was conducted on each of the eight data
categories shown iRigure48.

For each category, the pavement sections were first randomly assigned to orte of the
groups k1 tok5, in Step 1 ofFigure49). In Step 2, data from 20123015 was used to calibrate
the model as described above, and to estimate the distribution of each parameter. A general
comparison was made by computing the Root Mean Square RMSH for years 2012015,
see Equatioif38), as an indication of the capability of each method to predict the values used to
calibrate the model. Additionally, ti®MSEwas computed for the predictions made for the year
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2016, this value serves as an indication of the capability of each method to predict future

conditions outside the calibration set.

RMSE= \/Ean( NG PCRenes - NE PCﬁredm)2 (38
j=1
Finally, in Steps 3 to 7 dfigure49, the accuracy of both estimation methods to make
predictions at a section level was compared using-tbkl procedure. As shown, the 200%&-
PCRobservations were sequentially removed in each fold, e.g., in Step 3, the observations of
fold k1 were removed, in Step 4 the observations fromKBlalere removed, and so forth. In
each step, the sigmoidal model was calibrated with each method. At the end, the predictions for
year 2015 that were made for the sections of each fold in each iteration were contrasted against
the observetC-PCR By doing so, each pavement section in the database has a predicted and
an observed value to compare with. Four statistics were computed, the Bias, the Mean Square
Error (MSE), the Mean Absolute Difference (MAD), and the Width, see EqudBanto (42).

BiaS: ( PCR,observed - PCR predictef) (39)
2

MSE= ( PCRobserved B PCR PVEdiCte‘) (40)

MAD = ‘ PCR,observed - PCR prediCteL (41)

Width:( PCR'S - PCRS

|\, predicted ) predicted)

(42)
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Figure 49. Schematic Description of Model Calibration and Comparison

6.7. Results

6.7.1 Comparison of Estimation Methods
6.7.1.1 GeneralComparison

A summary of the comparison of the two methods is includda@lie6 andTable7.
Additionally, the family curves for both dense and HFC mixes are shotigume50 to Figure
53. These figures illustrate, in black, the predid#etPCRmean and its associated confidence
interval. They also show, in red, the prediction confidence intervals also known as the
uncertainty band. This uncertainty band is computed by taking th® &7d52.8' percentile of
the posterior distribution diC-PCRat each age.

The points represent the origifdC-PCRvalues with the reduced age. During the fitting
process, three possible age corrections were allowed: i}4fiftit meaning the sectiddC-
PCRvalues were originally positioned to the left of the master curve and were ultimately shifted
to the right (red points), ii) 'lehift’, when the sectioNC-PCRvalues were initially positioned
to the right of the master curve and so they were horizontally shifted to the left (blue points), and
iii) 'zero-shift', referrng to sections that did not need a horizontal shift (purple points). It is noted

that the original age of each section was identified from the PMS based on the time since the last
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rehabilitation. Shifting was permitted because of the inherent uncertainty that all rehabilitation
activities were properly input into the database.

FromTable6, Figure50, and

Figure51, it is observed that the time to inflection (parambjdor dense mixes is, on
average, higher across all traffic categories in Methodikewise, the deterioration rate
(parametec) is higher in MethoeA across all traffic categories, except for Categbiections.

In other words, the results of Methdd with respect of the results of Meth@&] indicate that on
average pavements require a longer time to spend 50% of the avadeblenance but, once

their reached this point, they deteriorate faster. In this sense, the inflection points of the family
curves fitted with Method\ are, on average, 17% higher than those fitted with MeBialso

the deterioration rate of the cunfiised with MethodA are, on average, 18% higher than the
ones calibrated with Methe#.

By inspectingFigure50to Figure53, it can be observed from the data points that
MethodA has higher percentage of sections with right shift compared to M&Mdidch means
MethodA has more sections that are overperforming its family mean, compared to MBthod
These performance variatissuggesthat MethodB is more conservative compared to Method
A as it predicts most of its sections to be underperforming.

A similar comparison is made for HFC mixes, as summarizéale2, Figure8, and
Figure9. For these mixes, a trend that is oppositive to the one observed in dense mixes is
obtained because, except for Categbections, the parameters higher for curves fitted with
MethodB. Similar results are reflected in parameténat is higher for curves fitted with
Method B, except for Categor@ sections.

The results of HFC Categoflyare of particular interest, because the uncertainty band
obtained in Methodh is considerably smaller than the one from MetBodhfter a closer
inspection of these sections, it was found that this set of pavements haveegtiens that
perform different, wittNC-PCRvalues above 90 at ages greater thageds. It seems, that in
the presence of outliers and small sample sizes, Meihmdduces more stable predictions,
with lower uncertainty, than Methel. This result wasomewhat expected, because MetAod
fits both the family curve and the shift factor simultaneously, accounting for optimal variability

without being affected by outliers. Conversely, in Metliydhe family curve is fitted first and
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then is shifted, thus any variability from the outliers will affect the final shape of the master
curve.

Moreover, though the density of the data decreased with time, the width of the
uncertainty band remained almost constant in Metiodowever, with more data concentrated
at early ages one would expect to have less uncertainty. In that regard, Mgihmtlices
uncertainty bands that bettdign with the data distribution.

Furthermore, as indicated figure50to Figure53, on average MetheA lead to higher
proportion of sections with rigkghift compared to MetheB. This finding reflects the fact that
MethodA produces highep andc parameters. MetheB produces a higher proportion of
sections with zershift for dense mixes; however, is the oppositive for HFC mixes, where the
right-shift increased significantly. This finding means that, on average, the family curve fitted
with Methad-B better reflects the average of all sections for large sample sizes. However, as
mentioned above this average strongly depends on the number of sections performing different
than the family, as shown for HFC Categdrgections. In summary, Mettt@ produces more
accurate uncertainty bands and better reflects data distribution in the shape of the family curve;
in the other hand, Methel produces family curve estimates that are closer to the mean
deterioration, which might not be adequate depandmthe sample size and number of outliers.

In general, Method\ has lower RMSE in years 202915 than MethodB, by 39% and
75% for dense and HFC mixes, respectively, this means Métlpydduces a better fit than
MethodB for the calibration set. The prediction capability was assessed by comieting
RMSE for year 2016, as shownTable6 andTable7.

In this regard, for dense mixes MethBchas better predictions capabilities than Method
A, because except for Categetysections the former method produces 12% lower RMSE.
However, this capability reduces for small sample sizes because, as si@abteinfor HFC
mixes, the RMSE obtained with Methédacross all traffic categories is 45% lower than the
ones obtained with Methe#.
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Table 6. Results of the Model Estimated with the Two Methods for Dense Mixes.

Category-1 Category-2 Category-3 Category-4

Parameters
Al Bl Al Bl Al B! Al Bl
RMSE
3.2 5.7 3.3 54 2.1 2.5 1.9 4.4
(201315)
RMSE
5.2 4.7 4.7 4.4 3.0 2.4 3.3 4.3
(2016)

Left-shift %2 9% 15% 12% 21% 26% 28% 15% 26%
Right-shift %2 68% 38% 61% 32% 50% 25% 62% 21%
Zero-shift %2 23% 47% 27% 47% 24% 47% 23% 53%

25 -3.9 14 -37 -24 34 -10 -21

it 3
Left Shift (22) (25 (0) 26 (21) (1) (24 (2.0)
_ _ 3.4 3.4 3.9 4.6 8.1 3.0 4.1 2.9
3
Right Shift 20 (25 (28 (Bl (B2 (21) (4 (2.9
02 19.9 19.0 248 216 245 162 189 149
02) (2 07 02) @©3 (03) (0.2) (0.3
s 5.5 5.6 69 62 63 36 50 39

0.1 (©.1) (©1) (©I1) @©1) (@©1) (©1) (0.1

Method A or Method B
’Percent of sections with this typesifift factor
3values reported adean (Standard Deviation)
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Figure 50. Age-shifted model using MethodA for dense mixes in: (a) Categoryl, (b)
Category-2, (c) Category3, and (d) Category4.

Figure 51. Age-shifted model using MethodB for dense mixes in(a) Category-1, (b)
Category-2, (c) Category3, and (d) Category4.
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