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ABSTRACT

Predicting pavement rutting is associated with significant uncertainties that often lead to inefficient
maintenance planning. The predictive performance of rutting models is exacerbated in local road
agencies and developing countries that rely on generic and knowledge-based models which are
typically unreliable if used without adaptation, validation, or calibration. This study aims at developing
a probabilistic framework that employs Ensemble Kalman Filter (EnKF) techniques to update the
parameters associated with generic rutting predictive models while accounting for the prevailing
uncertainties. When coupled with a continuous influx of measured data, the EnKF framework
sequentially updates the generic models and minimizes prediction errors in real-time. The robustness
of the presented scheme is demonstrated through a numerical example, and its sensitivity to the use
of different generic curves as starting points is examined. The results indicate that the EnKF
framework improves the accuracy of rutting predictions by up to 60% and that accuracy remains
within tolerable limits whilst varying the range of the uncertainty in the measurements or the initial
states. The paper concludes with a discussion of how practitioners can integrate the outcomes of the
presented framework to enact maintenance policies that minimize the financial cost at the project
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and network levels.

1. Introduction

With the growth in the global road network witnessed in the
past decade, coupled with current and expected shortage in
funding for infrastructure, transportation agencies are shifting
their priorities from constructing new pavements to managing
and maintaining existing networks (Xiong et al 2012).
Deterioration of the pavement structure of roadway networks
is an expected phenomenon that roadway engineers plan and
design for. While an asphalt pavement is typically designed
to last for several decades, pavement conditions deteriorate
much earlier than the design service life due to traffic, environ-
ment, material properties, and operational considerations
(Underwood et al. 2017). Therefore, substantial investments
are necessary to preserve, maintain, and extend the life of pave-
ment networks (Pais et al. 2013; Gonzalo et al. 2018). However,
due to the limited resource availability, it is critical to allocate
budgets more effectively to satisfy pavement maintenance
needs (TRIP 2016; ASCE 2017; Underwood et al. 2017). Con-
sequently, pavement management systems (PMS) have
received increasing attention as tools for supporting road
agencies in making investment decisions and devising opti-
mum maintenance strategies (AASHTO 2012; Pérez-Acebo
et al. 2018). Deterioration models that forecast the progression
of performance indicators, such as pavement distress and ride
quality, are fundamental components of pavement manage-
ment systems as they provide pavement managers with the
necessary insights for timely maintenance interventions.

With the increase in traffic volumes, tire pressure, and axial
loads in response to economic growth, rutting has become a
prominent distress affecting asphalt pavements (Salama et al.
2006; Ekblad et al. 2021). Rutting is caused by the accumu-
lation of permanent deformations or depressions along the
wheel-path (White 2002). Base or subgrade rutting refers to
the accumulation of permanent depressions in the unbound
base or subgrade layer, while asphalt rutting denotes the per-
manent deformations located in the asphalt layer that are
associated with densification and lateral upheavals (White
2002; ASTM, ASTM D6433-20 2020). The severity of pave-
ment rutting is generally rated in terms of the rut depth
which reflects the sum of subgrade, base, and asphalt rutting.
Rutting primarily affects the safety and rideability of pave-
ments since it could lead to vehicle hydroplaning and loss of
skid resistance in wet weather, in addition to steering problems
(Mamlouk et al. 2018). Therefore, pavements exhibiting rut-
ting typically fail to maintain the necessary functional require-
ments long before achieving structural failure (Fwa et al. 2012).

The criticality of rutting to the safety of road users, coupled
with its influence on pavement expenditure decisions, necessi-
tates the development of highly accurate models that allow
predicting the rate of increase in rutting depth, estimating
the remaining pavement service life, and optimising road
design and maintenance policies. To address the aforemen-
tioned need, this paper proposes a probabilistic framework
that calibrates generic rutting models to minimise the mis-
match between predicted and measured rut depths.
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Specifically, this paper investigates using the Ensemble Kalman
Filter (EnKF) paradigm to calibrate governing parameters of
generic rutting propagation models using simple and non-
costly rut depth measurements. The EnKF updating frame-
work is applied to the generic family rutting models developed
by Haddad et al (Haddad et al. 2021) and validated using rut-
ting measurements obtained from the Long-term Pavement
Performance database (LTPP). The presented methodology
is of particular benefit to road agencies that are either applying
their own PMS but do not have sufficient information to
develop site-specific rutting prediction models or road
agencies with established rutting family curves that require
calibration for specific roads.

The rest of this paper is organised as follows. Section 2 pro-
vides a brief overview of the current state of pavement deterio-
ration modelling, along with associated literature. Section 3
elaborates on the followed methodology by first discussing
generic rutting deterioration models followed by the math-
ematical implementation details of the EnKF method within
this study. Section 4 presents the model sensitivity analysis
results and goodness of fit measures, along with a discussion
of policy implications. Section 5 concludes the paper with a
summary of the important findings, along with an identifi-
cation of future research directions.

2. Background

In the current state of practice, rutting prediction models are
either developed based on deterministic or probabilistic
approaches. Several researchers and practitioners have worked
on developing deterministic regression prediction models to
simulate the progression of rutting, mostly using locally col-
lected field data. Examples of these models include those devel-
oped by specific road agencies (George 2000; Choummanivong
and Martin 2010; Wolters and Zimmerman 2010; Abu-Ennab
2015), the World Bank for the Highway Development and
Management Model (HDM-4) (Jain et al. 2007; Pérez-Acebo
et al. 2018), and the Mechanistic-Empirical Pavement Design
Guide (AASHTO 2015). In addition to the traditional determi-
nistic models that are available in the literature, researchers
have also used neural network techniques to develop rutting
prediction models (Yang et al. 2003; Thube 2012; Abambres
and Ferreira 2018; Gong et al. 2018; Yao et al. 2019; Choi
and Do 2020). Neural Network-based models introduced sig-
nificant improvements to the performance of rutting models
compared to the traditional ones. However, applying
regression as well as neural network models is a challenging
task as their predictive capacity relies heavily on detailed
data regarding the road and environmental characteristics.
Even with this information available, predictions are not
always satisfactory because the models are intended to simu-
late rutting performance under a limited set of traffic and
environmental conditions (Hjelle 2007; Jain et al. 2007; Von
Quintus 2012; Bannour et al. 2019; Li et al. 2019). In addition
to the latter challenges, the deterministic regression models
provided in the literature are limited by their inability to cap-
ture the uncertainties underlying the rutting accumulation
process. These uncertainties can be attributed to several
sources including mathematical modelling simplifications,

non-homogeneity of materials, the stochastic nature of
environmental and traffic conditions that vary spatially and
temporally, and the inability to observe and quantify construc-
tion quality and variability (Zhang and Gao 2018).

In order to address the inherent uncertainties of the rutting
deterioration process, probabilistic models have been devel-
oped (Jiménez and Mrawira 2012; Osorio-Lird et al. 2018;
Pérez-Acebo et al. 2018; Yamany and Abraham 2021). Markov
chain models are the most extensively used probabilistic
models for forecasting pavement rutting (Amador-Jiménez
and Mrawira 2012; Osorio-Lird et al. 2018; Wang et al. 2021;
Yamany and Abraham 2021). Markovian models developed
for predicting pavement rutting can be categorised into homo-
geneous, staged-homogeneous, and nonhomogeneous Markov
models (Yamany and Abraham 2021). Several researchers have
employed these techniques to predict rutting while accounting
for uncertainties, such as those developed in (Pulugurta et al.
2013; Khan et al. 2014; Abaza 2016; Saha et al. 2017). However,
Markov models do not explicitly consider the relationship
between rutting and its causal factors rendering them inapplic-
able under traffic, environmental, and pavement material
characteristics that are different from the ones they were orig-
inally created for (Jiménez and Mrawira 2012).

Based on the reviewed rutting prediction models, it is evi-
dent that the reliable implementation and development of all
types of models are profoundly limited to the accurate identifi-
cation and quantification of real site conditions and uncertain-
ties. To that end, road agencies with well-developed PMS or
those initiating pavement management systems collect pave-
ment condition data on an ongoing basis (Zimmerman and
Ram 2015; FHWA 2018). Additionally, AASHTO’s Pavement
Management Guide (AASHTO 2012) emphasises the impor-
tance of periodically reviewing the adopted models and updat-
ing them using the collected body of data to ensure the proper
representation of the prevalent deterioration trends and the
continuous improvement in the efficiency of the PMS
(AASHTO 2012; Tabatabaee and Ziyadi 2013). AASHTO’s
Pavement Management Guide calibration methodologies
range from simply ‘shifting the curve’ to intersect data points
of interest to using Bayesian modelling techniques for incor-
porating field data into expert models (AASHTO 2012).

Bayesian approaches have been adopted by several
researchers to perform model updates (Li et al. 1997; Hong
and Prozzi 2006; Jiménez and Mrawira 2012; Luo et al. 2016;
Haddad et al. 2021). In essence, Bayesian inference is a prob-
abilistic approach that combines prior knowledge with obser-
vation to produce a newly adjusted probability of an event
(Osorio-Lird et al. 2018). One of the earliest implementations
of such frameworks was conducted by Li et al. to update the
transition probability matrices used to predict deterioration
using a Markov process (Li et al. 1997). Another implemen-
tation of Bayesian updating on Markov-based models was
developed by Tabatabaee and Ziyadi using data collected
from the Minnesota Department of Transportation test facility
(Tabatabaee and Ziyadi 2013). An enhancement of the
AASHO deterioration model was also introduced through
the application of a Bayesian updating approach (Hong and
Prozzi 2006). Pavement performance based on the Bayesian
approach was shown to be effective in estimating and updating



predictive models (Hong and Prozzi 2006). Park et al. also pro-
posed a Bayesian based Kalman Filtering data analysis tool that
provides a sound engineering and statistical framework for
updating generic deterioration curves when road-specific
data were obtained (Park et al 2008). They demonstrated
their framework on data collected by the Texas Transportation
Institute at several sites in Texas to update a theoretical sigmoi-
dal pavement distress equation with coefficients based on prior
engineering knowledge. The results reveal that their Kalman
filtering based Bayesian formulation gave compelling predic-
tions as provided by the updated model parameters (Park
et al. 2008). Jiménez and Mrawira presented a case study for
updating Uzan’s Rut Depth Model that originated in 1983
using data observations from the AASHO Road Test (Jiménez
and Mrawira 2012). Additionally, Luo et al. proposed a Baye-
sian approach to update design parameters of the fatigue and
rutting mechanistic-empirical models that are available in
the MEPDG (Luo et al. 2016). Inkoom et al. also demonstrated
the efficiency of Bayesian modelling in accounting for the
model uncertainty while predicting pavement deterioration
using survival time data. The authors concluded that the pos-
terior estimates obtained by updating generic survival curves
using the Bayes theorem are accurate and that 95% of the
observed survival times fall within the 95% posterior predic-
tion intervals (Inkoom et al. 2020).

While the reviewed models demonstrated improvements in
the prediction performance, to our knowledge, none of the pre-
sented approaches proposed a real-time update framework that
continuously updates the used models whenever new obser-
vations become available. To overcome the deficiencies cited
in the literature regarding the unreliability of generic and deter-
ministic rutting models, this research aims to develop a prob-
abilistic framework that uses the Ensemble Kalman filter
(EnKF), a sequential data assimilation technique, to calibrate
the governing parameters of generic rutting models by relying
on actual field measurements. The calibrated models can then
be utilised for simulating the rutting depth in flexible pavements
and assessing the remaining service life to ultimately formulate
maintenance decisions with higher reliability.

As mentioned earlier, the current study focuses on provid-
ing a practical and statistically robust method to improve and
update rutting propagation predictions. It is generally assumed
that transportation agencies start with generic family curves to
perform performance predictions when no historical con-
dition data are available. The coeflicients of these generic
models are typically based on expert knowledge and reflect
the initial or prior belief about the deterioration process. The
generic curves used to illustrate the methodology in this
study are adopted from (Haddad et al. 2021). After rutting
depth data is collected, the EnKF methodology is used to mod-
ify the initial prediction curve and its associated parameters to
incorporate newly obtained measurement data. Data used to
carry out the update process is obtained from rutting depth
measurements collected from the LTPP.

3. Methodology

This section presents the methodology for implementing the
EnKF framework for the scope and objectives of this research
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study. This section starts with an overview of rutting depth
prediction models then focuses on the family curves employed
in this study. Later, general definitions of sequential data
assimilation framework are presented, followed by the math-
ematical implementation of the EnKF framework in this
study. The final component of this section combines the theory
of the EnKF with the numerical example being considered in
order to present how to apply EnKF for updating general rut-
ting prediction models.

3.1. Rutting depth prediction mathematical model

Pavement rutting refers to the accumulation of permanent
strain in the pavement layers and occurs over three distinct
phases. The first phase is referred to as the primary stage
where the pavement undergoes rapid accumulation of perma-
nent strain caused by volumetric changes resulting from den-
sification. Initially, this phase starts with a high deformation
rate that later decreases as the permanent deformation
approaches the secondary stage (Zhou and Scullion 2002;
AASHTO 2015). Volumetric changes continue in the second-
ary stage; however, they are accompanied by minimal shear
deformations (Zhou and Scullion 2002; AASHTO 2015). In
the tertiary stage, permanent deformation accumulates at an
increasing rate, reflecting excessive shear deformations in the
absence of volume reduction (Zhou and Scullion 2002;
AASHTO 2015). The number of load repetitions to reach
the tertiary zone is referred to as the tertiary rutting limit
and it represents the cumulative traffic loading required for
failure (Zhou and Scullion 2002; AASHTO 2015).

As mentioned previously, several general models are avail-
able in the literature to simulate the rutting mechanism; how-
ever, their applicability in developing countries and by road
agencies with limited budgets and datasets remains challen-
ging. Therefore, these entities typically rely on expert-based
or generic family models that do not require extensive datasets
or a large number of inputs to initiate their pavement manage-
ment processes (Wolters and Zimmerman 2010; Saha et al.
2017). Expert or knowledge-based curves are generated by
aggregating the knowledge of experienced engineers who are
familiar with the local conditions; while, family curves are
developed using data adopted from some roadway segments
with similar traffic, climate, and pavement characteristics
(Wolters and Zimmerman 2010; Saha et al. 2017).

Although generic models can be utilised in the absence of
data, their main function is strictly limited to launching the
pavement management system. Since such models include
substantial inaccuracies due to the mathematical simplifica-
tions, they necessitate continuous calibration and updating
whenever new rutting measurements are collected to achieve
an adequate prediction accuracy. Since this study proposes
an EnKF updating framework, a generic rutting prediction
model is used to validate the application. It is worth noting
that the model that will be used for numerical validation in
this research presents a mere illustrative case study; alterna-
tively, any other generic model can be incorporated.

The generic family curves adopted in this study were devel-
oped by Haddad et al. as part of a study to develop machine
learning based models for pavement rutting prediction



4 A.J. HADDAD ET AL.

(Haddad et al. 2021). The outcome of these efforts includes 27
family curves corresponding to various traffic, climate, and
mix design combinations (Haddad et al. 2021). These curves
were extracted from the outputs of a deep neural network
model that was developed using a comprehensive dataset
obtained from the Long-Term Pavement Performance
(LTPP) database. The LTPP was established in 1991 by the
Federal Highway Administration (FHWA) and it includes
data corresponding to more than 2500 pavement sections
located in North America (Baladi et al. 2017; Elkins et al.
2018). Its main purpose is to evaluate the long-term perform-
ance of pavements subject to different structural designs,
materials, maintenance activities, traffic loads, and climatic
conditions (Baladi et al. 2017).

3.2. Numerical application

The efficiency of the presented framework is illustrated using
fourteen rutting measurements extracted from the LTPP cor-
responding to road section 112 in the State of Alabama
(LTPP InfoPave n.d.). The selected road is a segment of an
interstate lying in a wet non-freeze (WNF) climatic zone.
Additionally, the associated pavement mix design results in a
good rutting performance. As a result, the used generic rutting
curve should reflect this example’s specific traffic (i.e. inster-
state), climate (i.e. WNF), and mix design characteristics (i.e.
high rutting resistance). Additional curves corresponding to
other families are also used to investigate the sensitivity and
robustness of the EnKF framework. Such an evaluation is
essential since road agencies may not have sufficient infor-
mation to select the appropriate family curve. Therefore, the
framework is assessed using initial state vectors corresponding
to three family curves as presented in Table 1 (Haddad et al.
2021). Table 1 presents three scenarios that were arbitrarily
selected to showcase the proposed EnKF framework. Scenario
1 is a curve that belongs to the same family as road 112 in Ala-
bama, Scenario 2 belong to the same climate zone but the mix
has an inferior performance (i.e. Medium resistance), and
Scenario 3 corresponds to a different climate zone and mix
performance. Figure 1 shows a graphical illustration of the
scenarios of Table 1 and indicates how far their predictions
are from the actual rutting measurements. It is worthwhile
to note that all the generic curves that are used to validate
the EnKF framework have a mathematical structure of a
third-degree polynomial where the rut depth (RD) is presented
as a function of pavement age (t), as presented in Table 1.
Throughout these scenarios, the pavement’s age reflects the
encountered traffic volumes where the cumulative traffic
values are a function of time, the family’s expected annual
traffic volume, and a fixed growth rate. However, if the pave-
ment experiences varying traffic growth rates, several

Table 1. Different starting points for EnKF framework.

12 A
10 4
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N
E
(=)
-
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2 Interstate-WNF-Medium Resistance
—— Interstate-WNF-High Resistance
Interstate-DNF-Medium Resistance
0 e Measured
0 2 4 6 8 10 12 14
Age (years)

Figure 1. The rutting family curves and measurements used to validate the EnKF
framework for LTPP Road 112 Alabama.

adjustments should be incorporated in the framework’s
implementation, including: (1) monitoring the annual traffic
volumes and including these values alongside the rutting
depth in the measurement vector (d), and (2) incorporating
an additional forward propagation model that relates age to
annual traffic and updating that when new traffic measure-
ments are obtained.

3.3. EnKF mathematical formulation

3.3.1. Sequential data assimilation

Sequential data assimilation (filtering) techniques are applied
in situations where the forward propagation of a system’s
state in time is required. The main goal of this technique is
to rectify an initial state estimate using newly collected
measurements in order to forecast future states based on the
inferred information (Bertino et al. 2003). This technique
has been previously used in damage detection and online
health monitoring of systems (Slika and Saad 2016; Bichara
et al. 2019).

One of the most widely adopted sequential data assimila-
tion approaches is Kalman filtering (Di Lorenzo et al. 2008).
The traditional Kalman Filter (KF) approach provides an opti-
mal solution for linear systems subject to additive Gaussian
white noise perturbations which restricts its applicability to
limited problems (Evensen 2003). Variants of the traditional
KF, such as the extended Kalman filter, were developed to

Family Mathematical Structure: RD = ¢o + €1t + G2 + ¢33
Scenario Description Traffic Climate Zone  Resistance
No. 1 Base Case Interstate  Wet Non-Freeze High 1.10 + 1.35t — 0.091¢% + 0.0022¢3
No. 2 Incorrect Mix Performance Family Wet Non-Freeze Medium 1.12 4 2.73t — 0.189¢% + 0.0044t3
No. 3 Incorrect Climate Zone and Mix Performance Family Dry Non-Freeze =~ Medium 2.06 + 1.13t — 0.101¢2 + 0.0028¢3




perform sequential data assimilation in a broader range of
complex and non-linear dynamical systems (Evensen 2002).
However, the extended Kalman filter suffers from several
shortcomings due to its high computational requirements,
bias, and possible divergence potential when estimating highly
nonlinear systems or in the presence of non-Gaussian noise
(Pham 2001; Evensen 2002). The Ensemble Kalman filter
(EnKF) overcomes the previous limitations and outperforms
other adaptations of the traditional KF (Pham 2001). EnKF
algorithms are attractive due to their applicability to complex
non-linear models, non-Gaussian noise, simplicity, and low
computational cost (Pham 2001).

In this study, the EnKF is used to develop an updating fra-
mework that calibrates the parameters of pavement rutting
models. The EnKF algorithm provides a sub-optimal Monte
Carlo estimation of the error statistics to propagate an ensem-
ble of model states forward in time. The EnKF algorithm
encompasses two steps; the first consists of the prediction or
forecasting step, and the second is the update or analysis
step. The prediction step entails propagating an ensemble of
realizations forward in time based on the current state; then,
in the analysis step, the state vectors are updated to minimise
the mismatch between the model predictions and actual col-
lected measurements. The EnKF algorithm is presented herein
(Evensen 2003; Gillijns et al. 2006).

3.3.2. Application of EnKF to the rutting model

The same EnKF formulation applies to the three empirical
models used to simulate rutting depth. The first step of
the EnKF implementation involves evaluating the initial
ensemble of state vectors which is created by adding pertur-
bations to a best-guess estimate state vector in a way that
properly represents the statistical distributions of the prevail-
ing errors (refer to section 3.4.1 for a discussion about initial
errors). In this application, the stochastic state vector U con-
sists of the progressed rutting depth value (dynamic state
variable) as well as the model parameters, as shown in
Equation (1).

U, =[RD C; C, G5]" (1)

where Uy is a realisation of the model state vector at time t,
RD reflects the rutting depth state at time t, and the C;’s rep-
resent the rutting propagation model parameters.

At the initialisation stage, which corresponds to a newly
constructed pavement, rutting depth (RDy) is expected to be
zero. The model coefficients (C;) are derived from the family
models provided in (Haddad et al. 2021).

The initial state vector is used to obtain the initial ensemble
matrix which reflects the statistical distribution of the initial
guess. The initial ensemble matrix is obtained by perturbing
the initial state vector by an error value. The ensemble matrix
is denoted by U, as presented in Equation (2).

U= (U, U, ..., Uy) € RN (2)

where U, is the ith ensemble member obtained by adding per-
turbations to the best-guess estimate, N is the number of
ensemble members determined through sensitivity analysis,
and n is the size of the model state vector.
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The ensemble mean (U) is then evaluated using Equation

(3).
U=Uly € RN (3)

where 1y € RY*N is a matrix having its elements equal to 1/N.
The ensemble covariance matrix P, is computed using
Equation (4).

_(U-0)u-0)

p
¢ N-1

€ R @)

In the forecast or prediction step, the forward model is used to
propagate rutting from timestep (f — 1) to timestep (f), as pre-
sented in Equation (5).

Ul = fUL, ) +e& i€[LN] 5)

where U{ ; is the forecasted state vector at time (t) correspond-
ing to the ith ensemble, f(...) is the mathematical represen-
tation of the rutting forward propagation model, U} ; is the
updated state vector at time (f — 1) corresponding to the ith
ensemble, and &; is the process noise having a zero mean
and a covariance representing the model error.

Here, realizations of the rut depth (RD) of the state vector
are propagated forward in time using the governing dynamical
equations. The dynamic model is represented by an ordinary
differential equation (ODE) which reflects the incremental
variation of rut depth as a function of time, as presented in
Equation (6). Equation (6) represents this study’s implemen-
tation of the ‘f(...) component presented previously in
Equation (5). It is worth noting that pavement age is the
only factor considered in the model since the utilised dataset
did not have temporal measurements of other factors (such
as traffic) to perform the updates accordingly.

d(RD)
dt

This derivation is demonstrated for scenario No. 1 in Equation

).

=ct® + 20t' +3ct2 = C; + Gt + G52 (6)

d(1.10 + 1.35¢ — 0.091£2 + 0.0022¢3)
dt
= 1.35 — 0.182t + 0.0066t> (7)

The dynamic rutting model parameters (C;), that are derived
from Equation (6), are incorporated in the initial state vector
which holds the parameters and dynamic variables that the
EnKF framework intends to monitor and update. The initial
state vectors for each of the three scenarios are provided in
Table 2.

The Forward Euler Discretization time integration method
is implemented to propagate the system state forward in time
at a 0.01-year time-step for all the ensemble members. The
mathematical representation of the rutting propagation
model incorporated in the EnKF is presented in Equation (8).
d(RD)) L.

RDt+1 = <RDt + At X —

o (8)

where RD; is the predicted rut depth at time t, At is the model
progression time-step that is equivalent to 0.01 years, and €
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Table 2. Initial guess for the state vectors corresponding to each scenario

Scenario RDg Parameter 1 (C;) Parameter 2 (C5) Parameter 3 (Cs)
No. 1 0 1.35 —0.182 0.0066
No. 2 0 2.73 —0.379 0.0132
No. 3 0 1.13 —0.203 0.0084

represents the model error (refer to section 3.4.2 for a discus-
sion of model errors). The forward propagation time-step is
determined based on sensitivity analysis to find an appropriate
time-step that minimises the approximation error, as demon-
strated in Figure 2. For illustrative purposes, this figure indi-
cates the implications of changing the step size on the
accumulation of approximation inaccuracies for the predic-
tions corresponding to scenario No. 1. The figure shows that
the accumulated approximation errors increase as a function
of the time-step.

In the analysis or update step, the forecasted ensemble of
state vectors (U{ ) is updated based on a vector of measure-
ments (d). N vectors of the perturbed observations are
obtained after incorporating the error (g;) associated with
the measurement uncertainty, as shown in Equation (9). The
measurement vectors (d;) are then stored in an ensemble of
observations (D), as presented in Equation (10) where m is
the number of collected data points at a given time:

D=(d,dy ..., dy) € R™N (10)

In this application, field rutting measurements are sequentially
used to calibrate the model parameters. The update frequency
reflects typical distress survey timings, which are typically con-
ducted on an annual basis. Each year, rutting observations are
collected and used to update the model while taking the associ-
ated uncertainties into account (refer to section 3.4.4 for a dis-
cussion of measurement errors).

The corresponding measurement error covariance matrix
R, is defined in Equation (11).

T
'y'y mxm
R. = ER 11
c=N_1 (11)
9 | |
8 T
7

Exact Solution
-------- Time-step = 0.01
Time-step = 0.05

Rut Depth (mm)
S
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- % - Time-step = 1
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Figure 2. Forward Euler rutting approximation results as a function of the time-
step size.

where y= (&1, 8, ..., ey) € RN is the ensemble of
measurement perturbations.

The updated ensemble of states at time step (¢) is then com-
puted through Equation (12).

U* = Uf + K(D, — HUY) (12)

where K; is the Kalman Gain which is formulated in Equation
(13), H € R™*" js the observation matrix that relates the
ensemble of state vectors to the measured variables.

K, = P.H"(HP.H" + R,)™* (13)

The updated ensemble of the model parameters is finally used
to estimate and predict the dynamic states of the system with
enhanced accuracy.

3.4. Uncertainty quantification

Several sources of uncertainty should be considered and quan-
tified in prognostic formulations of naturally occurring
phenomena. These uncertainties can be attributed to the
adopted mathematical models and measurement processes.
The quantification of the different sources of uncertainty is
discussed herein and the results are summarised in Table 3.

3.4.1. Initial guess error

Uncertainty in the initial guess of the model states reflects the
confidence in the selected model parameters to represent exist-
ing conditions. This error is expected to be higher when
sufficient information to select an appropriate family curve is
not available. For practicality purposes, this error is rep-
resented as an additive Gaussian noise with a coefficient of
variation (C.0.V.) of 20% for all scenarios.

3.4.2. Model error

Mathematical and empirical models cannot simulate natural
phenomena with absolute accuracy. Model errors arise from
simplifications or imperfections associated with the adopted
mathematical structure or unknown details that cannot be
identified and incorporated. In this implementation, the
model error is quantified for each family model independently
using rutting depth measurements obtained from the LTPP.
Figure 3 shows an example of the measured rutting values as
well as the predictions corresponding to the generic curve of
scenario No.l. The mismatch between the measurements
(cross marker) and predictions (solid line) stems from the
existing model error that is estimated by averaging the individ-
ual percentage errors for each measurement data point. Figure
3 also presents data labels for a selection of individual percen-
tage errors reflecting the percentage difference between the
simulated and measured data at different instants. The
model error is similarly quantified for the two other scenarios
proposed in Table 1 and represented as an additive Gaussian
white noise with a C.O.V. equivalent to the average residual
errors of the data points.

3.4.3. Parametric error/process noise
Parametric uncertainty arises from limitations in the amount
of data available to estimate the parameters. The parametric



Table 3. Quantified uncertainty in the EnKF framework.
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Source of Uncertainty Distribution Standard Deviation Quantification Method
Initial Estimate Error Normal 20% of mean value Sensitivity analysis
Model Error Normal Scenario No. 1: 20% Family curves residuals
Scenario No. 2: 10%
Scenario No. 3: 18%
Process Noise Normal 1% of mean value Sensitivity analysis
Measurement Error Instrumentation Uniform +2 mm of mean value Literature review
Spatial Variability Normal 20% of mean value Variability in LTPP data

error or process noise is represented as an additive Gaussian
noise with a C.O.V. of 1% obtained from sensitivity analysis.

3.4.4. Measurement error

The sources of error associated with rut depth measurements
are twofold. The first source of measurement error is associated
with the accuracy and reliability of the used instruments. The
second source of uncertainty consists of the spatial variability
caused by imperfections in the pavement construction and
compaction processes, as well as the randomness of the lateral
position of the vehicles’ tire loads on the pavement, known as
wheel wander. In practice, this type of variability is observed
when measuring the rutting depth at different locations within
the same road or same pavement family and quantified as the
standard deviation between these measurement values. Based
on the literature, instrumentation errors are estimated at
2 mm (Jeyapalan et al. 1987; Simpson 1999; National Acade-
mies of Sciences, Engineering, and Medicine 2004; Pierce
et al. 2013; Wang et al. 2017). Therefore, the instrumentation
error is represented by a Uniform distribution bound between
—2 and 2. In addition, an additive Gaussian white noise pertur-
bation with a C.O.V. obtained from the variability in the avail-
able data is used to simulate the spatial variability. While a
C.0.V of 20% is used in this study, a road agency can evaluate
its observed spatial variability based on engineering judgment
or available rutting measurements.

4. Results and analysis

The EnKF framework utilises a set of measurement data to
update an initial guess corresponding to the parameters of rut-
ting generic curves. Following each update step, the newly
obtained model parameters are employed to forecast the rut
depth at future years. To assess the robustness and applica-
bility of the framework, sensitivity analysis is conducted by
varying several contributing factors such as the effect of the
ensemble size, initial guesses, and frequency of updates.

4.1. Sensitivity to the ensemble size

The sensitivity of the EnKF framework to the ensemble size is
evaluated to obtain the optimal number of ensembles that pro-
vides the required accuracy and guarantees the consistency of
the results. To that extent, the simulation is performed 100
times for each ensemble size being investigated to calculate
the mean and standard deviation of the predicted parameters
following the final update step.

Figure 4 presents the results of the sensitivity analysis cor-
responding to the third parameter (C;) and shows the variabil-
ity of the mean and standard deviation of the updated
parameters across the different simulations. The variability
between the means of the predicted parameters of the different
simulation runs decreases as the ensemble size increases. The
variability achieved at an ensemble size of 10,000 is considered

14
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£
10 X % X X %
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E ¥ X X §
E 3 X X o
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Figure 3. Error quantification for the predictive model used for simulating rutting depth for the interstate, wet non-freeze, and good performance pavement family.

Percentages depict percentage error in prediction
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acceptable and it will be used for all the subsequent simulations
in this study. A higher number of ensembles would drastically
increase the computational requirements without having sig-
nificant benefits to the accuracy and repeatability of the results.
While Figure 4 only shows the sensitivity analysis results of C;
for demonstrative purposes, the observations are in fact repre-
sentative of all other parameters.

4.2. Sensitivity to the initial guess

Sensitivity analysis is also conducted to evaluate the robustness
of the framework and its ability to converge despite the
selected initial states. The framework is assessed using initial
state vectors corresponding to three different family curves
as presented previously in Table 1.

The EnKF framework is run for each of the three cases to
obtain the probabilistic characteristics of the model par-
ameters following every update step. A Monte Carlo simu-
lation with 1000 realizations of the updated parameters is
carried out to evaluate the distribution of the predicted rutting
depths at different stages. Figures 5a, 6a, and 7a depict the
mean forecasted rutting depths starting from age zero and
using the updated model parameters for each initial estimate
scenario. An envelope representing one standard deviation
away from the prediction mean of the final update is also
shown. Additionally, the mean discrepancy between the pre-
dicted and measured rutting values following each update
step is computed to assess and compare the performance of
the three rutting propagation models, as provided in Equation
(14). Figures 5b, 6b, and 7b show the evolution of the average
prediction error as a function of the number of EnKF updates
calculated as:

100
Mean Percentage Error (%) = N
% i |IRD ;neasured — RD ;redicted|
i=1 RDineasured

(14)

where N is the number of Monte Carlo simulations (i.e. 1,000),
RD! 4 is the predicted rut depth at point i, RD! is

predicte: measured
the measured rut depth corresponding to the predicted value

at i.
a) Parameter 3 — Mean
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Figure 5a shows that the initial model parameters corre-
sponding to the base case scenario significantly underestimate
the extent of rutting. The accuracy of the forecasted rutting
depth improved significantly after the first update at year
1. Additional improvements are achieved after updating the
model parameters a second time using the set of measurements
obtained at year 2. As more rutting data points become avail-
able, the incremental improvement in the forecasted state
becomes less significant, as shown in Figure 5a. The substantial
improvement in the prediction accuracy after the first two
updates signifies the efficacy of the EnKF updating framework
even with a limited amount of measurement data.

Moreover, Figure 5b presents the average of the errors com-
puted for all 1,000 simulations following each update. The
figure reveals a sharp drop (58%) in the average percentage
error from 30% corresponding to the initial prediction to
12.4% after the second update. Beyond that, the prediction
errors are further improved by a total of 8% to reach an aver-
age prediction error of approximately 10% after the final
update where all the available measurements are used for
model calibration.

Figure 6a shows that the model parameters based on Scen-
ario No. 2 in Table 1, which corresponds to an incorrect rut-
ting resistance level and consequently over-predict rutting.
We notice that after observing the first measurement at year
1, the Kalman filter realises that the initial prediction was sig-
nificantly over-predicting rutting and produces the updated
grey curve which exhibits lower rutting predictions. Although
a significant improvement in the average percentage error is
obtained after the first update, the updated model at year 1
fails to accurately predict rutting depth beyond year 8, after
which the forecasted rutting exhibits an unrealistic decreasing
trend. This decreasing trend in the updated rutting models
persists until the fifth update (black curve). After observing
more than five years of rutting measurements, the Kalman
filter becomes able to reconcile the differences between the
initial incorrect generic model and the actual rutting behav-
iour. Specifically, more accurate representations of the propa-
gation of rutting are obtained after the tenth and fourteenth
updates. This is also depicted in Figure 6b where the average
percentage prediction error decreases to approximately 15%
after the final update. Consequently, we conclude that the

b) Parameter 3- Standard Deviation

0.0040

0.0038 ¢
0.0036
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0.0032
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Figure 4. Mean and standard deviation of the updated values of parameter 3 as a function of the ensemble size.
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Figure 5. Base case model results: (a) rut depth predictions and (b) model performance as a function of the number of EnKF updates.

updating procedure is sensitive to the mix performance where
more measurements are required to achieve a realistic and
reliable model.

Similarly, Figure 7a shows the evolution of the rutting forecast
based on the EnKF updates for Scenario No. 3 in Table 1 repre-
senting an incorrect rutting performance level and climate zone
family. The figure shows that the initial prediction significantly
underpredicts rutting while a 50% improvement in the average
percentage errors occurs after the first two updates. The initial
underprediction is expected because the generic curve corre-
sponds to a DNF climate zone which experiences less rutting
than WEN zones. As more rutting measurements become avail-
able to update the model’s parameters, further improvements are
observed and the average error in the rutting prediction at the
final update reaches 20%, as shown in Figure 7b.

Although the accuracy of the EnKF estimates varies among
the three scenarios, the measurements remain almost within
one standard deviation from the predicted mean, as depicted
by the grey envelope in Figures 5a, 6a, and 7a. Additionally,
as evident from the results of Figures 5b, 6b, and 7b, the
improvements in the average predictive performance of the
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three scenarios are consistent and comparable, and the frame-
work reduces the prediction percentage errors by an average
of 60% between the initial state and the final update. Therefore,
the presented scheme is robust and capable to converge to the
true state even if the initial estimate is highly inaccurate.

The convergence of the state vector is also illustrated in
Figure 8 for each of the initial estimate scenarios. Figure 8 pre-
sents comparisons between the real-time updated mean of the
rutting depth obtained using the EnKF scheme with one-year
update frequency, the initial prediction, and the measured
data. The figures also show an envelope representing a range
of one standard deviation away from the mean predicted rut-
ting depths. The graphs in Figure 8 indicate how the EnKF fra-
mework succeeds in improving the predictions after every
update step; thus, confirming the convergence of rutting pre-
dictions to the true state.

4.3. Sensitivity to the update frequency

Sensitivity analysis is performed to study the effect of the
update frequency on the robustness of the proposed
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Figure 6. Incorrect rutting resistance case model results: (a) rut depth predictions and (b) model performance as a function of the number of EnKF updates.
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Figure 7. Incorrect Climate Zone and Rutting Resistance case model results: (a) rut depth predictions and (b) model performance as a function of the number of EnKF

updates.

framework and its capability to converge to the true state. This
analysis was only applied to Scenario No. 1 for illustrative pur-
poses. While a one-year update frequency was adopted in

previous analyses to reflect common distress survey schedules,
studying the effect of the update frequency has significant
implications on policy. Identifying the lowest possible update
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Figure 8. Real-time updated vs. measured rutting depth following each EnKF update for: (a) Scenario No. 1, (b) Scenario No. 2, and (3) Scenario No. 3.



frequency that guarantees convergence allows road agencies to
relax their rutting measurement intervals and leads to signifi-
cant savings without sacrificing predictive accuracy. Table 4
presents the residual errors corresponding to the outcome of
the update schemes corresponding to 1, 2, 3, and 4-year update
frequencies. Moreover, Table 4 indicates the obtained average
percentage of errors at ages 6, 9, and 12 years. Figure 9 presents
the real-time updated mean rutting prediction corresponding
to the examined update frequencies. The figure shows that
the 1 and 2-year update intervals converge faster to the true
state compared to the larger intervals. The results depicted
in Figure 9 and Table 4 confirm that the average residual errors
increase as a function of the update frequency, which is in line
with original expectations. Therefore, a lor 2-year update
interval guarantees an optimal solution, while road agencies
may opt for a 3-year interval that is associated with a slightly
higher error.

4.4. Discussions

This section presents a more detailed discussion of the results
and the practical and policy implications of the proposed fra-
mework. For illustration purposes, this section focuses on
evaluating the base case scenario (i.e. Scenario No.l in
Table 1). As mentioned previously, the probabilistic charac-
teristics of the 10,000 ensembles of the updated model par-
ameters are determined after every measurement. The Chi-
Squared test is then applied to identify the ideal probability
distribution for each updated parameter. Although the par-
ameters were initially considered independent and normally
distributed at the initial stage of the EnKF framework, the
calibrated states possessed different characteristics. A corre-
lation of —0.2 exists between parameters 1 and 2 and —0.1
between parameters 2 and 3. Table 5 shows the corresponding
distribution and covariance of the parameters after the final
update. The determined distribution and covariance of the
calibrated parameters are utilised to sample realizations
through Monte Carlo simulations. One thousand realizations
of the three parameters, as introduced in section 4.2, are
sampled to study the variability in the predicted rutting
depth.

Figure 10 shows the mean and standard deviation of the
predictions after the final update as well as the measure-
ments and their associated uncertainty. The figure empha-
sises the relatively large wvariability in rutting
measurements and demonstrated how the updated model
accounts for it. Therefore, the results show that the pro-
posed framework achieves its objectives as it reduces the
mismatch between the measurements and the predictions.
Additionally, it allows for modelling the uncertainties and

Table 4. Average error for rutting prediction for different update frequencies.

Average Rutting Prediction Error (%)

Update Frequency (years) Year-6 Year-9 Year-12
1 12.7 11.3 10.1
2 11.7 11.2 10.6
3 12.8 1.8 11.6
4 16.9 14.0 123
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Figure 9. Real-time updated rutting depth as a function of update frequency.

overcoming the limitations associated with deterministic
models. Although the prediction interval which delineates
where future observations may fall is relatively wide, the
results are considered acceptable provided the high uncer-
tainties associated with measuring and predicting rutting
in asphalt pavements.

From practice and policy perspectives, the power of the
proposed methodology lies in its ability to provide accurate
predictions that practitioners can employ in pavement man-
agement. In this application, rut depths exceeding 6 mm are
set as triggers for milling and overlaying, while pavements
exhibiting rutting depths beyond 13 mm are candidates for
rehabilitation by removing the distressed area, as suggested
in AASHTO’s Guide Specifications for Highway Construction
(AASHTO 2008). Given that treating the pavement is required
when the rut depth exceeds 6 mm, maintenance will be
planned at year 8 if the initial model parameters were used
to predict rutting, while it will be planned 3 years earlier if
the updated model, which overlaps with the measurements,
was used instead (Figure 10). As such, the proposed framework
ensures a more efficient and effective maintenance manage-
ment system.

In addition to obtaining a prediction curve, the framework
can be used to develop maintenance schedules by providing
engineers with the probability of reaching specific mainten-
ance thresholds. This probability is computed by evaluating
the percentage of the predicted rutting depth values, which
were obtained from the Monte Carlo simulations, that range
between 6 and 13 mm or exceed 13 mm at each pavement

Table 5. Calibrated model parameters distribution after the final update for the
base case scenario.

Parameters  Distribution Mean Covariance matrix
Parameter 1 Lognormal 154 1.03e-05 -156e 4.02 e-02
-03
Parameter2 Beta —0.176 —39% e 1.10e-03 -156¢e
—06 -03
Parameter 3  Lognormal 0.00667 1.82e—06 —3.94e —-1.03 e
—06 —05
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Figure 10. The calibrated rutting prediction model compared to field rutting and
measurement uncertainty presented by the error bars.

age (Equation (15) and (16)).

CountIf(6 mm <RD} ;i req < 13mm)
Probability Maintenance, = N P
(15)
CountIf(RD" .. .>13mm)
Probability Rehabilitation,, = Pr;med
(16)

where n is the age of the pavement associated with the prob-
ability being calculated, Countlf is a function that counts the
number of occurrences satisfying predefined conditions, N
represents the 1,000 Monte Carlo simulations, and
RDJ cdiciea cOTresponds to all the simulated rutting depths at
age n.

This is demonstrated in Figure 11 which shows the prob-
ability of requiring milling and resurfacing or rehabilitation
each year. This concept can be interpreted on the project
and network levels. On the project level, the outcome provides
engineers with the probability that a road may require a certain
treatment type. On the network level, the outcome is inter-
preted as the percentage of the entire network requiring each
treatment type. For instance, 80% of the roads corresponding
to this pavement family will require milling in the 8th year of
the pavement’s life. Beyond the 8 years mark, the percentage of
pavements that need rehabilitation rises while that requiring
milling and resurfacing decreases.

5. Conclusions

This research study is motivated by the rapidly increasing glo-
bal pavement monitoring and management efforts. Such
efforts provide local road agencies that generally rely on gen-
eric and knowledge-based pavement performance prediction
models with the opportunity to continuously improve and
calibrate their models, ultimately, enhancing the efficiency of
their pavement management practices and the sustainability
of their pavement infrastructure.
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Figure 11. Probability of reaching maintenance triggers.

This study presents a novel stochastic framework based on
the implementation of the EnKF algorithm to accurately predict
rutting in asphalt pavements. This framework which aims at
updating and calibrating model parameters was validated
using a set of generic family curves and a set of rutting measure-
ments extracted from the LTPP. The main conclusions of the
presented analyses and results are summarised as follows:

* A sensitivity analysis performed on the ensemble size
reveals that a relatively large ensemble size of 10,000 is
needed to attain sufficiently high precision in estimating
the parameters due to the high levels of uncertainty present.

e The results are consistent among the three examined initial
state estimates and reveal that the accuracy of the predic-
tions remains within tolerable limits when the initial states
are varied.

e The presented framework calibrates the governing par-
ameters of the rutting prediction models and reduces the
mismatch between the measurements and predictions by
up to 60% on average.

e The examined numerical application confirms that the
EnKF framework is capable of assisting engineers in moni-
toring pavement rutting and determining the probability of
requiring maintenance. Consequently, it succeeds in enhan-
cing the efficiency of the adopted pavement management
systems.

A shortcoming of the research presented in this paper is
that it does not consider cases where the traffic growth rate
varies with time. The dataset used in this study did not have
the information required for modelling such scenarios.

In conclusion, this study paves the way for further research
to integrate a similar framework with different types of pave-
ment performance models. This approach will lead to develop-
ing comprehensive and adaptive pavement management
systems that incorporate online model calibration whenever
new measurements are collected.
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