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Abstract

Bayesian Hierarchical Modelling of Pavement Performance
Pedro Antonio Serigos, M.S.Stat.
The University of Texas at Austin, 2015

Supervisor: Peter Müller

A challenge currently faced by local, state and federal transportation agencies is the
constantly increasing traffic demand, combined with a less increasing availability of funds
for the maintenance of the highway infrastructure. A key factor for the success of a
pavement management system is that it contains accurate and reliable pavement
performance models. Inadequate prediction of the highway infrastructure future condition
can lead to an inappropriately estimated budget or misallocation of funds. This study had
the main objectives of quantifying the uncertainty of pavement performance model
parameters and proposing a hierarchical model specification in order to account for
heterogeneity across different subpopulations of pavements.
The uncertainty of each pavement performance parameter was quantified by
estimating their marginal posterior distribution using both a non-hierarchical and a
hierarchical specification of the model. The posterior distribution of each model parameter
was sampled using a combination of the Gibbs and Metropolis-Hastings techniques. The
hierarchical model was specified in order to capture the different damaging effect that
environmental factors and traffic characteristics have on pavements between the
vi

subpopulations with thinner and thicker hot-mix asphalt layer. The results from the study
showed a significant dispersion of the pavement performance parameters. In addition,
accounting for the heterogeneous effect between subpopulations resulted in a significant
improvement of the fitting of the model as opposed to assuming complete pooling across
pavement sections.
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Chapter 1: Introduction
Highway systems provide a critical service to society and constitute a major public
asset with a significant cost. For instance, the Texas Department of Transportation’s
(TxDOT) annual expenditures for pavement maintenance and rehabilitation (M&R) during
fiscal year (FY) 2014 were over $1.5 billion (TxDOT, 2014). A challenge currently faced
by local, state and federal transportation agencies is the constantly increasing traffic
demand, combined with a less increasing availability of funds for the maintenance of the
transportation infrastructure. This scenario highlights the importance of developing and
implementing effective methods for managing highway assets.
Pavement Management Systems (PMS) are designed by transportation agencies to
identify the strategies to maintain the highway network in order to optimize the use of the
available economic resources. A key factor for the success of a PMS is that it contains
accurate and reliable pavement performance models. Inadequate prediction of the highway
infrastructure future condition can lead to an inappropriately estimated budget or
misallocation of funds.
PMS’s pavement performance models predict the condition of each pavement
section in the highway network throughout time for a certain period of analysis (e.g. four
years). The performance of a pavement structure throughout its design life is affected by
several factors, which are uncertain due to their inherent variability of traffic, weather and
material properties or poor quality control. Moreover, the number of factors affecting
pavement performance typically collected for management purposes is limited due to the
high associated data collection costs. These issues affect the precision and accuracy of the
performance predictions if they are not accounted for by the model.
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Pavement performance models are usually estimated using experimental panel data.
The simplest form of a model estimated using panel data would assume that the effect of
the model parameters do not vary across sectional units (i.e. pavement sections). An
example of such model is the American Association of State Highway Transportation
Officials (AASHTO) equation (AASHTO, 1993), which has been widely used by several
transportation agencies in the US and internationally as the standard for analysis and design
of pavement structures. When this assumption is not realistic, systematic differences
between the pavement sections of the network will result in larger errors and bias in the
estimated parameters. This issue is referred to as heterogeneity and its consequences can
be reduced by changing the specification of the model in order to account for these
differences using either observed or unobserved factors.
The main objectives of this study are:


the quantification of the parameters’ uncertainty of a pavement performance
model by estimating their Bayesian posterior distribution; and



the proposal of a hierarchical Bayesian specification of the model in order
to account for heterogeneity using observed factors.

The pavement performance model selected for the analyses of this study was
adapted from a non-linear incremental model proposed by Prozzi and Madanat (2003)
which was adapted from the basic AASHTO design equation (AASHTO, 1993). The
pavement data used to estimate the different model specifications was obtained from the
AASHO Road Test (HRB, 1962). Both the pavement performance model and AASHO
Road Test dataset are described in the next chapter.
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Chapter 2: Background
The pavement performance data used in this study was obtained from the AASHO
Road Test. The first section of this chapter provides background information of the
AASHO Road Test, along with descriptive statistics of the dataset. More information about
the experiment can be found at Highway Research Board (HRB, 1962).
The second part of this chapter describes the pavement performance model selected
for the analyses of this study. This section contains the derivation of the model specification
and discusses the interpretation of each of the model parameters.

AASHO ROAD TEST
The AASHO Road Test was conducted between 1956 and 1961, and it is, to date,
the most comprehensive experiment designed for understanding the effect of traffic
characteristics and environmental factors on the deterioration of pavement structures. The
data collected from this experiment was used for developing the AASTHO Guide for
Design of Pavement Structures in 1972, and their later versions in 1986 and 1993
(AASHTO, 1993).
The AASHTO pavement design guide has been the main standard for the design of
pavement structures in the US and in several other countries since its development and it
is still widely used. Moreover, the AASHO Road Test data has been largely used by
researchers to demonstrate proposed methodologies for the modelling and analysis of
pavements. Some examples of related research studies that used this dataset are Small and
Winston (1988), which proposed Tobit regression in order to improve the predictions of
the model used by AASHTO design guide; Prozzi and Madanat (2003), which proposed
an incremental form of AASHTO model and incorporated a variable for frost penetration
3

(Prozzi, 2001); Hong and Prozzi (2006), which estimated a pavement performance model
using a Bayesian approach; and Zhang and Durango-Cohen (2014), which proposed the
use of cluster-wise linear regression in order to account for unobserved heterogeneity.
The AASHO Road Test was conducted in Ottawa, Illinois, and it consisted of a
factorial design which comprised six two-lane loops, each containing both flexible and
rigid pavement test sections with different structural designs and materials. Figure 1 shows
the general layout of the AASHO Road Test and a more detailed layout of one of the test
loops. Loop1 was used to study the effect of environmental factors on pavement
deterioration and it was not subject to traffic. Loops 2 to 6 were subject to traffic,
controlling for the axle types and magnitude of loads.

Figure 1: Layout of AASHO Road Test Loops and schematic of Loop 6 (TRB, 2007)
Each loop was divided into multiple test sections with different layer thicknesses
in order to control for the structural design. The structural design of flexible pavement
sections was characterized by three factors:
4



surface layer thickness, with 6 levels, ranging from 25.4 mm (1 inch) to
152.4 mm (6 inches) in increments of 25.4 mm;



base layer thickness, with 4 levels, ranging from zero (no base layer) to
228.6 mm (9 inches), in increments of 76.2 mm (3 inches);



and sub-base layer thickness, with 5 levels, ranging from zero (no sub-base
layer) to 406.4 mm (16 inches), in increments of 101.6 mm (4 inches).

Every pavement section was tested under repeated traffic loads until reaching
failure - or until the end of the experiment (two years or less). The traffic loads were applied
using a series of trucks with different axle configurations and loads. Table 1 reports the
truck configurations applied to each loop and lane; therefore, each test section was loaded
with one truck configuration. As show in Table 1, three axle types were included in the
main factorial design: Front Axles, Single Axles and Tandem Axles. Font Axles consisted
of single axles with single wheel, whereas Single and Tandem Axles consisted of single
and tandem axles with dual wheels respectively.

Loop
2
3
4
5
6

Lane
1
2
1
2
1
2
1
2
1
2

Front Axle
Kips
2.0
2.0
4.0
6.0
6.0
9.0
6.0
9.0
9.0
12.0

Single Axle
#
Kips
1
2.0
1
6.0
2
12.0
0
0.0
2
18.0
0
0.0
2
22.4
0
0.0
2
30.0
0
0.0

Tandem Axle Gross Weight
#
Kips
Kips
0
0.0
4.0
0
0.0
8.0
0
0.0
28.0
2
24.0
54.0
0
0.0
42.0
2
32.0
73.0
0
0.0
50.8
2
40.0
89.0
0
0.0
69.0
2
48.0
108.0

Table 1. Truck configuration applied to each loops and lane.
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Pavement condition data at each section and wheel-path were collected bi-weekly
throughout the experiment. The surface distresses collected for flexible pavements were
slope variance, rutting, cracking, and patching, among others. In addition, an aggregate
condition index, referred to as Pavement Serviceability Index (PSI) was developed as part
of the experiment in order to obtain a unique metric to capture the pavement condition at
each point in time. PSI is obtained as a function of the individual distresses and relates to
the ride quality perceived by a panel of drivers that rated each test section from zero (worst
condition) to five (excellent condition).
The total number of test sections in the experiment was 836, of which 468 were
hot-mix asphalt (HMA) pavements and the remaining 368 were Portland cement concrete
(PCC) pavements. Some of these sections were used for the main factorial design while
the remaining sections were used for special studies such as the comparison of different
shoulder sections and different surface treatments.

Description of dataset used in the study
The data used in this study consisted of the measurements collected on the 252
flexible pavement sections corresponding to the main factorial design of the AASHO Road
Test. This subset did not include the duplicate sections, which were used to evaluate the
estimated models.
Pavement condition was evaluated by the average PSI of the two wheelpaths. The
number of PSI measurements collected throughout time for each of the 252 pavement
sections varied from 3 to 31 with an average of 12 observations per section. Thus, the data
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used in this study consist of unbalanced panel data. The total number of observation was
7,245.
Figure 2 shows, as an example, the change in pavement condition (PSI) as a
function of traffic for three different pavement sections. Test section 331 (in blue) and 299
(in green) are in the same loop and lane and, therefore, they were subject to the same traffic.
The slower deterioration rate observed for section 331 is explained by the thicker surface
and base layers (both sections have the same sub-base layer thickness). On the other hand,
section 446 (in red) and section 331 have the same surface layer thickness but the latter
was subject to heavier loads, which resulted in faster deterioration.

Figure 2: PSI as a function of cumulated number of trucks of test sections 446, 331 and
299
In order to check whether the change in PSI registered every two weeks within each
section were correlated in time, the correlation coefficient between the ∆PSI and the
observation order was calculated for each test section. Table 2 shows the percentiles of the
correlation coefficients calculated for the 252 test sections. From Table 2 it is observed that
7

the correlations are weak or mild for the majority of test sections and, therefore, the twoweek change in PSI can be assumed independent of time for modelling purposes.
percentile
correlation

10%
-0.09

25%
-0.03

Table 2. Percentiles of correlation between
sections.

50%
0.10

75%
0.41

90%
0.56

PSI and observation order within test

The distribution of the two-week change in PSI is presented in Figure 3. From
Figure 3 it is observed that the change in PSI is approximately normally distributed with
mean of 0.1 and standard deviation of 0.3.

PSI

Figure 3: Distribution of two-week change in PSI in analyzed dataset
Table 3 presents the summary statistics of the experimental variables of the data
used in the study. In addition, 144 out of the 252 pavement sections (57%) had an asphalt
layer thickness thicker than 100 mm.
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Variable
unit
Mean
Std
Min
Max
Pavement Serviceability Index 𝑃𝑆𝐼
3.3
0.7
0.1
4.6
Two-week change in PSI
0.1
0.3
-2.8
2.9
∆𝑃𝑆𝐼
Surface Layer thickness
mm
100.4
33.2
25.4
152.4
𝐻𝑠𝑢𝑟
Base Layer thickness
mm
130.1
69.4
0.0
228.6
𝐻𝑏
Sub-Base Layer thickness
mm
213.9
120.5
0.0
406.4
𝐻𝑠𝑏
Frost Penetration Gradient
mm/day
6.2
137.4 -431.8 254.0
𝐺
Accumulated number of trucks
veh
1.6E+5 1.8E+5 0E+0 1.1E+6
𝑁
Two-week increment of trucks 𝑑𝑁
veh
9.1E+3 6.3E+3 0E+0 9.7E+4
Load on Front Axle
kips
7.0
3.3
2.0
12.0
𝐹𝐴
Load on Single Axle
kips
9.0
10.9
0.0
30.0
𝑆𝐴
Load on Tandem Axle
kips
16.2
19.7
0.0
48.0
𝑇𝐴
Table 3. Descriptive statistics of main variables from AASHO Road Test database.
PAVEMENT PERFORMANCE MODEL
The pavement performance model selected for the analyses conducted in this study
was adapted from the non-linear incremental model (Equation 3) proposed by Prozzi and
Madanat (2003), which is derived from the basic form expressed in Equation 1. In the
model of Equation 1, the condition of the pavement is expressed as a function of some
measure of cumulated traffic, where the parameter 𝑎 represents the initial condition of the
pavement, 𝑏 represents the rate of damage and 𝑐 determines the curvature of the non-linear
relationship.

𝑃𝑆𝐼 = 𝑓(𝑁) = 𝑎 + 𝑏𝑁 𝑐

(1)

Where:
𝑃𝑆𝐼: Condition of pavement
𝑁: Cumulative measurement of traffic
𝑎, 𝑏, 𝑐: Model parameters
9

The incremental form of the model is approximated through first order Taylor
expansion, as shown in Equation 2. As expressed by the authors of the original study, an
incremental form of the model is convenient from a pavement management perspective
since condition data are usually available on a regular basis. The typical time increment
(from 𝑡 − 1 to 𝑡) between collection of pavement condition data in the dataset used for this
study was two weeks.

𝑒
∆𝑃𝑆𝐼𝑡−1,𝑡 = 𝑓 ′ (𝑁𝑡−1 )(𝑁𝑡 − 𝑁𝑡−1 ) = 𝑑𝑁𝑡−1
∆𝑁𝑡

(2)

Where:
∆𝑃𝑆𝐼𝑡−1,𝑡 : Damage from period t-1 to t
𝑁𝑡−1 : Cumulated traffic up to period t-1
∆𝑁𝑡 : Increment of traffic from period t-1 to t
𝑑, 𝑒: Model parameters

Three major factors that affect pavement performance are the structural design,
environmental conditions and traffic characteristics. These factors are incorporated into the
model parameters d and e. The final specification of the model is presented in Equations
3a to 3c, where the model parameters are 𝜷 = {𝛽0 , 𝛽𝑠𝑢𝑟 , 𝛽𝑏 , 𝛽𝑠𝑏 , 𝛽𝑔 , 𝛽𝑛 , 𝛽𝐹𝐴 , 𝛽𝑆𝐴 , 𝛽𝑇𝐴 } and
𝑿 = {𝐻𝑠𝑢𝑟 , 𝐻𝑏 , 𝐻𝑠𝑏 , 𝐺, 𝑛, 𝐹𝐴, 𝑆𝐴, 𝑇𝐴} contains the experimental data.
The structural design of each pavement section is represented in this model by the
thickness of each layer. It is assumed that these thicknesses will be constant throughout the
experiment and therefore, variables 𝐻𝑠𝑢𝑟,𝑖 , 𝐻𝑏,𝑖 𝑎𝑛𝑑 𝐻𝑠𝑏,𝑖 do not have a sub-index for time.
Since the impact of traffic loads on the pavement deterioration is expected to decrease for
10

thicker structural layers, the model parameters 𝛽𝑠𝑢𝑟 , 𝛽𝑏 𝑎𝑛𝑑 𝛽𝑠𝑏 are expected to have a
negative sign.
The effect of environmental factors is captured in the model by the frost penetration
gradient, which is defined as the rate of change in frost penetration depth per unit of time.
Considering that all test sections were subject to essentially the same environmental
conditions, and assuming same subgrade characteristics, the variable 𝐺𝑡 varies with time
but not across test sections. Positive frost penetration gradient values correspond to periods
of thawing, while negative signs correspond to freezing of the subgrade. Pavements
deteriorate faster during thawing periods due to the loss in strength of the unbounded
structural layers and, therefore, 𝛽𝑔 is expected to have a negative sign.
Equation 3c shows the expression used to normalize the different loads and axle
types applied to each test section. Each term in the summation of Equation 3c is used to
estimate the number of repetitions a generic axle type and load would cause the same
deterioration to the pavement than one pass of a single axle loaded with 18kips; i.e. number
of Equivalent Single Axle Loads (ESALs). The parameters 𝛽𝐹𝐴 and 𝛽𝑇𝐴 are used to convert
the axle type, while 𝛽𝑆𝐴 is used to convert the load magnitude.

∆𝑃𝑆𝐼𝑖,𝑡 = 𝑚(𝑿𝒊,𝒕 |𝜷) + 𝜀𝑖,𝑡 =

(3a)
𝛽

𝑛
𝑒𝑥𝑝(𝛽0 + 𝛽𝑠𝑢𝑟 𝐻𝑠𝑢𝑟,𝑖 + 𝛽𝑏 𝐻𝑏,𝑖 + 𝛽𝑠𝑏 𝐻𝑠𝑏,𝑖 + 𝛽𝑔 𝐺𝑡 ) 𝑁𝑖,𝑡−1
∆𝑁𝑖,𝑡 + 𝜀𝑖,𝑡

𝑁𝑖,𝑡−1 = ∑𝑡−1
𝑙=1 ∆𝑁𝑖,𝑙
𝐹𝐴

(3b)
𝛽𝑆𝐴

∆𝑁𝑖,𝑙 = 𝑛𝑖,𝑙 {(18𝛽 𝑖 )
𝐹𝐴

𝑆𝐴

𝛽𝑆𝐴

+ 𝐴𝑖 ( 18𝑖 )

𝑇𝐴

𝑇𝐴
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𝛽𝑆𝐴

+ 𝐵𝑖 (18𝛽 𝑖 )

}

(3c)

Where:
∆𝑃𝑆𝐼𝑖,𝑡 : Drop in PSI for section 𝑖 at time 𝑡
𝑛𝑖,l : number of trucks on section 𝑖 between period 𝑙 -1 and 𝑙
𝐻𝑠𝑢𝑟,𝑖 : Thickness of AC layer for section 𝑖 (mm)
𝐻𝑏𝑎𝑠𝑒,𝑖 : Thickness of base layer for section 𝑖 (mm)
𝐻𝑠𝑏,𝑖 : Thickness of sub-base layer for section 𝑖 (mm)
𝐺𝑡 : frost penetration gradient at time period 𝑡
𝐹𝐴𝑖 : front axle load magnitude (kips) on section 𝑖
𝑆𝐴𝑖 : single axle load magnitude (kips) on section 𝑖
𝑇𝐴𝑖 : tandem axle load magnitude (kips) on section 𝑖
𝐴𝑖 : number of single axles per vehicle on section 𝑖
𝐵𝑖 : number of tandem axles per vehicle on section 𝑖
𝜀𝑖,𝑡 : error term for observation at section i, period 𝑡
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Chapter 3: Methodology
The first four sections of this chapter describe the different specifications of the
pavement performance model proposed to achieve the goals of this study. The last section
of the chapter describes the Markov Chain Monte Carlo (MCMC) simulation techniques
used to estimate the different models.

BAYESIAN SPECIFICATION OF PAVEMENT PERFORMANCE MODEL
The incremental model described in the previous section (Equation 3) is estimated
in this study using a Bayesian specification with the objective of obtaining a distribution
of the model parameters and thus quantifying their dispersion. The equation for the
posterior density of the model parameters is shown in Equation 4, which expresses that the
posterior density of the parameters is proportional to the likelihood of the data times the
prior density of the parameters (Gelman et al., 2014).

𝑝(𝜽|∆𝑃𝑆𝐼) =

𝑝(∆𝑃𝑆𝐼 |𝜽)𝑝(𝜽)
∫ 𝑝(∆𝑃𝑆𝐼 |𝜽)𝑝(𝜽)𝑑𝜽

∝ 𝑝(∆𝑃𝑆𝐼|𝜽)𝑝(𝜽)

(4)

Where:
𝑝(∆𝑃𝑆𝐼|𝜽): Likelihood of the observed drop in PSI given the parameters
𝑝(𝜽): Prior joint distribution of model parameters and error term precision

The error term of the model in Equation 3a is assumed to follow a normal
distribution with zero expected value (Equation 5). Therefore, the drop in PSI is normally
distributed and centered on the predicted PSI, as expressed in Equation 6. Since each test
section in the AASHO Road Test was loaded with one truck configuration and load
13

magnitude throughout the experiment, the expression for the predicted change in PSI
presented in Equation 3a to 3c can be re-written as in Equation 7, which simplifies the
computations.

𝜀𝑖,𝑡 ~𝑁(0, 𝜎 2 )

(5)

̂𝑖,𝑡 , 𝜎 2 )
∆𝑃𝑆𝐼𝑖,𝑡 ~𝑁(∆𝑃𝑆𝐼

(6)

̂𝑖,𝑡 = 𝑚(𝑿𝒊,𝒕 |𝜷) =
∆𝑃𝑆𝐼

(7)

𝑒𝑥𝑝(𝛽0 + 𝛽𝑠𝑢𝑟 𝑇𝑠𝑢𝑟,𝑖 + 𝛽𝑏 𝑇𝑏,𝑖 + 𝛽𝑠𝑏 𝑇𝑠𝑏,𝑖 + 𝛽𝑔 𝐺𝑡 ) ×
𝛽𝑆𝐴

𝐹𝐴

{(18𝛽 𝑖 )
𝐹𝐴

𝑆𝐴

𝛽𝑆𝐴

+ 𝐴𝑖 ( 18𝑖 )

𝑇𝐴

+ 𝐵𝑖 (18𝛽 𝑖 )
𝑇𝐴

𝛽𝑆𝐴 𝛽𝑛 +1

}

𝛽𝑛

(∑𝑡−1
𝑙=1 𝑛𝑖,𝑙 ) 𝑛𝑖,𝑡

Where:
̂𝑖,𝑡 : predicted drop in PSI for section 𝑖 at time 𝑡
∆𝑃𝑆𝐼
𝜎 2 : Variance of the error

Given the Gaussian distribution of the drop in PSI, and assuming independence
between consecutive observations, the likelihood function of the model is presented in
Equation 8. The assumption of independence is supported by the analysis presented in
Table 2. It should be noted that the number of observations per section was not constant.

1

𝑇𝑖
√
𝑝(∆𝑷𝑺𝐈|𝜷) = ∏𝑆𝑖=1 ∏𝑡=1

2𝜋𝜎2

1

(𝜎 2 )

𝑇/2

𝑒

2
−1
(∆𝑃𝑆𝐼𝑖,𝑡 −𝑚(𝑿𝒊,𝒕 |𝜷))
2𝜎2

−1

𝑇

∝

(8)
2

𝑖
𝑒𝑥𝑝 (2𝜎2 ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷)) )
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Where:
𝑝(∆𝑷𝑺𝐈|𝜷): Likelihood function
𝑚(𝑿𝒊,𝒕 |𝜷): Incremental model (Equation 7)
𝑆: total number of test sections (252)
𝑇𝑖 : total number of observations at section 𝑖
𝑇: total number of test sections in the experiment (7,245)

The prior distribution of each model parameter 𝛽𝑗 consisted of non-informative
normal distributions (Equation 9) with zero mean and very low precision (i.e. 1.0E-6),
resulting in essentially flat distributions with an unrestricted domain from –∞ to ∞. Since
the precision of the error term has to be positive, its prior was defined as a gamma
distribution with both parameters equal to 0.001 (i.e. non-informative). These vague
distributions were adopted to reflect the lack of previous experimental data similar to the
one collected for the AASHO Road Test.
−𝛽 2
𝑝(𝛽𝑗 ) = 𝑁(𝜇𝑗 = 0, 𝜎𝑗2 = 106 ) ∝ 𝜎𝑗−1 𝑒𝑥𝑝 ( 𝑗 ⁄2𝜎 2 )
𝑗

1

(𝑎−1)

𝑝(1/𝜎 2 ) = 𝐺(𝑎 = 10−3 , 𝑏 = 10−3 ) ∝ (𝜎2 )

𝑒𝑥𝑝 (−𝑏⁄ 2 )
𝜎

Where:
𝑝(𝛽𝑗 ): prior distribution for the model parameter 𝛽𝑗
𝑝(1/𝜎 2 ): prior distribution for the precision for the error term of the model
𝜇𝑗 and 𝜎𝑗 : fixed mean and standard deviation of the prior distribution for 𝛽𝑗
𝑎 and 𝑏: fixed shape and scale of gamma prior distribution for 1/𝜎 2
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(9)

(10)

Equation 11 shows the final form of the posterior joint distribution of the model
parameters and the precision of the error term given the observed data, corresponding to
the non-hierarchical specification of the incremental pavement performance model.
1

𝑝(𝜷, 1/𝜎 2 |∆𝑷𝑺𝑰) ∝ ∏𝐽𝑗=1 𝑝(𝛽𝑗 ) 𝑝 (𝜎2 ) 𝑝(∆𝑷𝑺𝐈|𝜷) ∝ ⋯
1

(𝜎2 )
𝑗

1

(𝜎 2 )

𝑇/2

𝐽/2

𝐽

−𝛽𝑗 2

1

(𝑎−1)

𝑒𝑥𝑝 (∑𝑗=1 2𝜎 2 ) (𝜎2 )
𝑗

−1

(11)
−𝑏

𝑒𝑥𝑝 ( 𝜎2 ) ×

𝑇

2

𝑖
𝑒𝑥𝑝 (2𝜎2 ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷)) )

Where:
1

𝑝 (𝜷, 𝜎2 |∆𝑷𝑺𝑰): Joint posterior distribution of parameters and error term precision
𝐽: Total number of parameters in vector 𝜷

BAYESIAN ESTIMATION OF HIERARCHICAL SPECIFICATION
The non-hierarchical Bayesian specification proposed in the previous section
assumes homogeneity among all pavement sections in the database. In order to relax this
assumption given the observed over-dispersion of some of the model parameters, a
hierarchical model specification is proposed. The main advantage of using a hierarchical
specification consists of estimating the parameters corresponding to a particular
subpopulation considering the complete set of observations.
The entire dataset was divided into two subpopulations:


“Weaker” structures, for the sections with asphalt concrete layer (𝐻𝑠𝑢𝑟 )
thinner than 100mm; and
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“Stronger” structures, for the sections with asphalt concrete layer thicker
than 100mm.

The parameters estimated following a hierarchical structure were the ones related
to environmental factors and the characterization of traffic loads and axle types, i.e. 𝛽𝑔 , 𝛽𝑛 ,
𝛽𝐹𝐴 , 𝛽𝑆𝐴 and 𝛽𝑇𝐴 . A hierarchical estimation of the traffic characteristics according to these
two subpopulations allows for testing whether certain axle types are more damaging for
thinner pavement structures or not, and to quantify its different deterioration rate.
The posterior distribution of this specification will be proportional to the likelihood
times the prior times the hyper-priors, as expressed in Equation 12 where 𝝀 represents the
vector of hyper-parameters.

𝑝(𝜽|∆𝑃𝑆𝐼) ∝ 𝑝(∆𝑃𝑆𝐼|𝜽)𝑝(𝜽|𝝀)𝑝(𝝀)

(12)

Where:
𝑝(∆𝑃𝑆𝐼|𝜽): Likelihood of the observed drop in PSI given the parameters
𝑝(𝜽|𝝀): Prior joint distribution of parameters given the hyper-parameters
𝑝(𝝀): Prior joint distribution of model hyper-parameters

The likelihood function of this model is as specified in Equation 8 but incorporating
the sub-index 𝑠 for 𝛽𝑔𝑠 , 𝛽𝑛𝑠 , 𝛽𝐹𝐴𝑠 , 𝛽𝑆𝐴𝑠 and 𝛽𝑇𝐴𝑠 into the incremental model (Equation 7).
The sub-index 𝑠 is equal to 1 for the case of pavement sections with weaker structures and
2 for the strong sections.
The prior for each of the model parameters with non-hierarchical structure
(𝛽0 , 𝛽𝑠𝑢𝑟 , 𝛽𝑏 𝑎𝑛𝑑 𝛽𝑠𝑏 ) was specified as in Equation 9; i.e. a non-informative normal
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distribution. The prior distributions for 𝛽𝑔𝑠 , 𝛽𝑛𝑠 , 𝛽𝐹𝐴𝑠 , 𝛽𝑆𝐴𝑠 and 𝛽𝑇𝐴𝑠 were defined as
normally distributed with a random mean and low precision (Equation 13). The parameters
without hyper-parameter are referred to with the sub-index 𝑗, whereas the parameters
hierarchical structure are referred to with the sub-index 𝑟.
Equation 14 shows the hyper-prior for each hyper-parameter, which was also
defined as non-informative normal with mean zero and low precision in order to reflect the
lack of previous information.
−(𝛽𝑟 − 𝜆𝑟 )2⁄
𝑝(𝛽𝑟 ) = 𝑁(𝜇𝑟 = 𝜆𝑟 , 𝜎𝑟2 = 106 ) ∝ 𝜎𝑟−1 𝑒𝑥𝑝 (
2𝜎 2 )
𝑟

𝑝(𝜆𝑟 ) = 𝑁(𝜇𝑟 = 0, 𝜎𝜆2𝑟 = 103 ) ∝ 𝜎𝜆−1
𝑒𝑥𝑝 (
𝑟

−𝜆2𝑟
⁄2𝜎 2 )
𝜆𝑟

(13)

(14)

Where:
𝑝(𝛽𝑟 ): Prior distribution of parameters with hierarchical structure.
𝑝(𝜆𝑟 ): Prior distribution of hyper-parameters
𝜆𝑟 : Hyper-parameter for the mean of 𝛽𝑟
𝜎𝑟2 : fixed standard deviation of the prior distribution for 𝛽𝑟
𝜇𝑟 and 𝜎𝑟 : fixed mean and standard deviation of the hyper-prior distribution

Equation 15 presents the final form of the posterior joint distribution of the model
parameters, hyper-parameters and error term precision given the observed data,
corresponding to the hierarchical specification (Equation 12) of the incremental pavement
performance model.
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𝑝(𝜷, 1/𝜎 2 , 𝝀𝑟 |∆𝑷𝑺𝑰) ∝ ⋯

(15)
1

1

(𝜎2 )
𝑗

𝐽
2

∏𝐽𝑗=1 𝑝(𝛽𝑗 ) ∏𝑅𝑟=1 𝑝(𝛽𝑟 ) ∏𝑅𝑟=1 𝑝(𝜆𝑟 ) 𝑝 ( 2 ) 𝑝(∆𝑷𝑺𝐈|𝜷) ∝
𝜎
𝑅

2

−𝛽
1 2
𝑒𝑥𝑝 (∑𝐽𝑗=1 2𝜎 𝑗2 ) (𝜎2 )
𝑗

1

(𝜎2 )

(𝑎−1)

𝑟

−𝑏

1

−(𝛽𝑟 −𝜆𝑟 )2
1
𝑒𝑥𝑝 (∑𝑅𝑟=1 2𝜎
) (𝜎2
2

𝑒𝑥𝑝 ( 𝜎2 ) (𝜎2 )

𝑟

𝑇/2

−1

𝜆𝑟

𝑅
2

−𝜆2

) 𝑒𝑥𝑝 (∑𝑅𝑟=1 2𝜎2𝑟 ) ×

𝑇

𝜆𝑟

2

𝑖
𝑒𝑥𝑝 (2𝜎2 ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷)) )

Where:
1

𝑝 (𝜷, 𝜎2 , 𝝀𝑟 |∆𝑷𝑺𝑰): Joint posterior distribution of parameters, hyper-parameters
and error term precision.
𝐽: Total number of model parameters without hyper-parameters.
𝑅: Total number of model parameters with hyper-parameters.

MARKOV CHAIN MONTE CARLO (MCMC) SIMULATIONS
The marginal distribution of the individual parameters conditional on the
experimental pavement data were estimated by sampling from the kernel of the posterior
joint distribution obtained from the previous sections of this chapter. The posterior
distribution of each individual parameters was sampled using a combination of the Gibbs
and Metropolis-Hastings techniques.
Given the non-linear form of the pavement performance model (Equation 7), a full
conditional distribution for the 𝜷 parameters was not available and, therefore, they were
sampled from a proposal distribution as follows:
1. At iteration 𝑡, a proposal 𝜷𝒕

∗

is sampled from a normal distribution

𝑁(𝜷𝒕−𝟏 , 𝑘) - the value for the step k is determined by trial-and-error
checking for convergence.
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2. The sampled 𝜷𝒕
∗

1

𝑡−1

𝑝 (𝜷𝒕 , (𝜎2 )

∗

from the proposed distribution is accepted if
1

|∆𝑷𝑺𝑰)⁄𝑝 (𝜷𝒕−𝟏 , (𝜎2 )

𝑡−1

|∆𝑷𝑺𝑰) > 𝑢, where u is a value

randomly drawn from a uniform distribution 𝑈(0,1)

For the case of the precision of the error term in Equation 5, the full conditional
marginal density consists of a Gamma distribution, as shown in Equation 16; therefore, the
sampling from the posterior marginal of this parameters is straightforward.

𝑝(1/𝜎 2 |𝜷, ∆𝑷𝑺𝑰) ∝
1

(𝜎 2 )

𝑇
2

(𝑎+ −1)

(16)
−1

2

𝑇

𝑖
𝑒𝑥𝑝 { 𝜎2 (𝑠 + ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷)) )}

𝑇

2

𝑇

𝑖
∴ 𝑝(1/𝜎 2 |𝜷, ∆𝑷𝑺𝑰) = 𝐺 [𝑎 + 2 , 𝑠 + ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷)) ]

For instance, the marginal distributions 𝑝(1/𝜎 2 |𝜷, ∆𝑷𝑺𝑰) and 𝑝(𝜷|1/𝜎 2 , ∆𝑷𝑺𝑰)
from Equation 11 are sampled using the following Markov Chain Monte Carlo algorithm
(were 𝑡 is the iteration number):
1

0

1

𝑡−1

1. Select an arbitrary initial set of values for the parameters [𝜷𝟎 , (𝜎2 ) ]
2. For each parameter 𝛽𝑗 with 𝑗 = 1. . 𝐽:
𝑡
𝑡−1
a. Compute 𝑙𝑝 = log [𝑝 (𝛽1𝑡 , . . , 𝛽𝑗−1
, 𝛽𝑗𝑡−1 , 𝛽𝑗+1
, . . , 𝛽𝐽𝑡−1 , (𝜎2 )

|∆𝑷𝑺𝑰)]

∗

b. Sample a proposal 𝛽𝑗𝑡 from 𝑁(𝛽𝑗𝑡−1 , 𝑘); and 𝑢 from 𝑈[0,1]
1

∗

𝑡
𝑡−1
c. Compute 𝑙𝑝𝑝 = log [𝑝 (𝛽1𝑡 , . . , 𝛽𝑗−1
, 𝛽𝑗𝑡 , 𝛽𝑗+1
, . . , 𝛽𝐽𝑡−1 , (𝜎2 )

𝑡−1

|∆𝑷𝑺𝑰)]

∗

d. If 𝑙𝑝𝑝 − 𝑙𝑝 > log(𝑢) then 𝛽𝑗𝑡 = 𝛽𝑗𝑡 ; Else 𝛽𝑗𝑡 = 𝛽𝑗𝑡−1
1

𝑡

𝑇

𝑇

2

𝑖
3. Sample (𝜎2 |𝜷, ∆𝑷𝑺𝑰) from 𝐺 [𝑎 + 2 , 𝑠 + ∑𝑆𝑖=1 ∑𝑡=1
(∆𝑃𝑆𝐼𝑖,𝑡 − 𝑚(𝑿𝒊,𝒕 |𝜷𝒕 )) ]

4. Repeat steps 2 and 3 after reaching convergence of the marginal distributions.
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Chapter 4: Results
The MCMC simulation for estimating each model specification was performed in
duplicated using both an R code written by the author and WinBUGS14 in order to
corroborate the results. The simulations for both the hierarchical and the non-hierarchical
specifications showed acceptable convergence for all the parameters’ posterior
distributions after 10,000 iterations: an MCMC error lower than 5% for each parameter
and simulation was obtained. The “burn-in” number of iterations was set to 10,000 and the
thinning was set to 10 in order to reduce the autocorrelation of the sampling. Therefore,
the resulting number of samples for each posterior distribution was 1,000.
Two chains per simulation were run starting from different initial values. The initial
value of each model parameter for each chain was randomly drawn from a normal
2
] = [−5.50, −0.02, −0.006, −0.006, −0.005,
distribution centered on 𝜽𝒊𝒏 = [𝜷𝒊𝒏 , 𝜎𝑖𝑛

−0.25, 0.75, 3.00, 2.00, 0.1] and with a low standard deviation. The values for 𝜷𝒊𝒏 and
2
𝜎𝑖𝑛
were set as a combination of maximum likelihood estimates (MLE) reported in similar

studies (Prozzi, 2001; Huang, 2003; Hong and Prozzi, 2006) and arbitrary values.
In order to compare the model specifications, the Deviance Information Criterion
(DIC) of each model was computed as in Equation 19. The DIC has two components, the
mean of the deviance (Equation 17) values calculated for every iteration, and the effective
number of parameters (Equation 18). As the number of parameters in the model increases,
the error of the model decreases and, therefore, the mean deviance tend to decrease. In
order to avoid over-fitting due to a large number of parameters, the lower deviance is
penalized by the effective number of parameters part (Gelman et al., 2014).

𝐷(𝜽) = −2 log[𝑝(∆𝑷𝑺𝑰|𝜽)]

(17)
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1

𝑝𝐷 = 2 𝑣𝑎𝑟
̂ [𝐷(𝜽)]

(18)

𝐷𝐼𝐶 = 𝐸𝜽 [𝐷(𝜽)] + 𝑝𝐷

(19)

Where:
𝐷𝐼𝐶: Deviance Information Criterion
𝐷(𝜽): Deviance
𝑝𝐷 : Effective number of parameters
𝑝(∆𝑷𝑺𝑰|𝜽): Likelihood function

The next two sections of this chapter present the results from the MCMC
simulations for both the non-hierarchical and hierarchical specification along with a
discussion and interpretation of the estimated parameters’ posterior distributions.

RESULTS FROM ESTIMATION OF NON-HIERARCHICAL SPECIFICATION
Table 4 and Figures 4 to 13 present the results from the MCMC simulations for
estimating the posterior marginal densities of the non-hierarchical model parameters. From
the first column of Table 4, it is observed that the mean values for the posterior distributions
are similar to MLE estimates found in the literature (Prozzi, 2001; Hong and Prozzi, 2006).
This observation is expected due to having assigned vague priors to every parameter. The
main advantage of estimating the model using a Bayesian specification as oppose to the
MLE approach consists of obtaining the distribution of the estimated parameters instead of
just one point estimate. The difference between the MLE estimates and the Bayesian
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estimates are explained by the MCMC error (less than 5%), possibly not optimal MLE
estimate solution, and differences in the data.
The second and third rows of Table 4 show the standard deviation and coefficient
̂ = 𝑠𝑑 ⁄𝑚𝑒𝑎𝑛) for the posterior distribution of each parameter. Six out of
of variation (𝐶𝑉
the nine model parameters presented coefficient of variation close to, or greater than 5%.
The observed large dispersion of the estimated parameters suggests heterogeneity among
the 252 pavement sections of the experiment.
The last three columns of the table show the median and the boundaries of the 95%
credible interval for each parameter. From the credible intervals it is observed that none of
them included the zero value and, therefore, all the parameters were significant in
explaining the change in PSI with more than 95% confidence. In addition, the mean of the
posterior distribution for the precision term was 14.95; therefore, the standard error of the
pavement performance model in Equation 6 is estimated as 𝜎 = 0.259.
From the trace plots in Figures 4 to 13 it is observed that the two chains, red and
black lines, converged properly for all parameters. The histogram plots show that most of
the parameters have centered distributions, as it can also be noted by comparing the mean
and the median from Table 4, and that some of the parameters (e.g. 𝛽𝑠𝑢𝑟 and 𝛽𝑔 ) presented
more than one mode. These distributions can be used as the priors for estimating the
pavement performance model using data from other similar experiment or updating the
model with new data.
The summary statistics of the deviance in Table 4 are used to compute the effective
number of parameters and the DIC of the model using Equations 18 and 19. Therefore, the
non-hierarchical specification of the pavement performance model had an effective number
of parameters 𝑝𝐷 = 9.32 and a 𝐷𝐼𝐶 = 975.77.
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parameter
𝛽0
𝛽𝑠𝑢𝑟
𝛽𝑏
𝛽𝑠𝑏
𝛽𝑔
𝛽𝑛
𝛽𝐹𝐴
𝛽𝑆𝐴
𝛽𝑇𝐴
2
1⁄𝜎
Deviance

mean
-5.071E+00
-1.915E-02
-4.712E-03
-5.195E-03
-3.613E-03
-3.146E-01
9.052E-01
3.084E+00
2.025E+00
1.494E+01
9.665E+02

sd
1.548E-01
1.228E-03
5.623E-04
3.680E-04
1.549E-04
1.801E-02
2.461E-01
1.280E-01
9.654E-02
2.460E-01
4.317E+00

CV
-3.1%
-6.4%
-11.9%
-7.1%
-4.3%
-5.7%
27.2%
4.1%
4.8%
1.6%
0.4%

2.5%
-5.420E+00
-2.143E-02
-5.855E-03
-5.990E-03
-3.893E-03
-3.482E-01
5.202E-01
2.836E+00
1.855E+00
1.447E+01
9.602E+02

median
-5.044E+00
-1.892E-02
-4.723E-03
-5.235E-03
-3.605E-03
-3.142E-01
9.074E-01
3.087E+00
2.013E+00
1.493E+01
9.657E+02

97.5%
-4.852E+00
-1.717E-02
-3.500E-03
-4.652E-03
-3.314E-03
-2.777E-01
1.335E+00
3.361E+00
2.221E+00
1.544E+01
9.770E+02

Table 4. Summary statistics of posterior marginal distribution of model parameters for
non-hierarchical specification.

Figure 4: Trace and posterior marginal distribution of 𝛽0 from non-hierarchical model.

Figure 5: Trace and posterior marginal distribution of 𝛽𝑠𝑢𝑟 from non-hierarchical model.
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Figure 6: Trace and posterior marginal distribution of 𝛽𝑏 from non-hierarchical model.

Figure 7: Trace and posterior marginal distribution of 𝛽𝑠𝑏 from non-hierarchical model.

Figure 8: Trace and posterior marginal distribution of 𝛽𝑔 from non-hierarchical model.

Figure 9: Trace and posterior marginal distribution of 𝛽𝑛 from non-hierarchical model.
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Figure 10: Trace and posterior marginal density of 𝛽𝐹𝐴 from non-hierarchical model.

Figure 11: Trace and posterior marginal density of 𝛽𝑆𝐴 from non-hierarchical model.

Figure 12: Trace and posterior marginal density of 𝛽𝑇𝐴 from non-hierarchical model.

Figure 13: Trace and posterior marginal density of 1⁄𝜎 2 from non-hierarchical model.
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RESULTS FROM ESTIMATION OF HIERARCHICAL SPECIFICATION
Table 5 and Figures 14 to 28 present the results from the MCMC simulations
carried out to estimate the posterior marginal distribution of the parameters from the model
with hierarchical specification (Equation 12). The sub-index 𝑠 = 1 refers to the
subpopulation of pavement sections with surface layer thinner than 100 mm (“weaker” test
sections), whereas 𝑠 = 2 refers to the subpopulation with thicker surface layer (“stronger”
test sections). From the trace plots in Figures 14 to 28 it is noted that both simulation chains
for every model parameter converged properly for the 10,000 iterations performed.
Using the summary statistics of the deviance in Table 5, the effective number of
parameters and DIC for the hierarchical specification of the pavement performance model
resulted in 𝑝𝐷 = 11.92 and 𝐷𝐼𝐶 = 944.35. The DIC of the hierarchical specification was
significantly lower than the one for the non-hierarchical specification despite the larger
number of parameters and, therefore, the hierarchical model is preferred. In addition, the
hierarchical model specification had the advantage of allowing for making inferences about
the different damaging effect of traffic characteristics and frost penetration gradient
between thin and thick (or weaker and stronger) pavements.
From Table 5 it is observed that all of the parameters are different than zero with
more than 95% confidence and, therefore, all of the model parameters are significant in
explaining the change in pavement condition. Comparing the effects between the subpopulations of weaker and stronger pavements it is noted that there is a significant overlap
between the 95% credible intervals for 𝛽𝑛𝑠 . This observation indicates that the effect of the
number of ESALs on the structural damage do not vary across weak and strong
subpopulations of pavements. On the other hand, the 95% credible interval for all other
parameters with hierarchical structure do not overlap between subpopulations and,
therefore, their effect is significantly different between weaker and stronger pavements.
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Furthermore, the parameter 𝛽𝑔𝑠 was greater in magnitude for the subpopulation of weaker
pavements, which indicates that thinner pavements were more susceptible to frost
penetration gradient. Similarly, 𝛽𝑇𝐴𝑠=1 > 𝛽𝑇𝐴𝑠=2 and 𝛽𝑆𝐴𝑠=1 > 𝛽𝑆𝐴𝑠=2 , which indicates that
the damaging effect that tandem axles and load magnitude have on weak pavements is
greater than on strong pavements. This observation might be explained by the wider stress
bulb, and consequently lower strains, that occur on thicker HMA layers.
parameter
𝛽0
𝛽𝑠𝑢𝑟
𝛽𝑏
𝛽𝑠𝑏
𝛽𝑔𝑠=1
𝛽𝑔𝑠=2
𝛽𝑛𝑠=1
𝛽𝑛𝑠=2
𝛽𝐹𝐴𝑠=1
𝛽𝐹𝐴𝑠=2
𝛽𝑆𝐴𝑠=1
𝛽𝑆𝐴𝑠=2
𝛽𝑇𝐴𝑠=1
𝛽𝑇𝐴𝑠=2
2
1⁄𝜎
Deviance

mean
-4.816E+00
-2.113E-02
-4.819E-03
-6.101E-03
-4.428E-03
-3.117E-03
-3.143E-01
-2.954E-01
4.199E-01
9.721E-01
3.885E+00
3.142E+00
3.305E+00
1.956E+00
1.502E+01
9.324E+02

sd
1.508E-01
1.536E-03
5.148E-04
5.539E-04
2.055E-04
1.855E-04
1.959E-02
2.259E-02
2.170E-02
1.273E-01
1.402E-01
1.257E-01
2.496E-01
7.414E-02
2.464E-01
4.883E+00

CV
-3.1%
-7.3%
-10.7%
-9.1%
-4.6%
-6.0%
-6.2%
-7.6%
5.2%
13.1%
3.6%
4.0%
7.6%
3.8%
1.6%
0.5%

2.5%
-5.135E+00
-2.410E-02
-5.604E-03
-7.254E-03
-4.864E-03
-3.477E-03
-3.479E-01
-3.374E-01
3.754E-01
7.779E-01
3.669E+00
2.913E+00
2.810E+00
1.805E+00
1.455E+01
9.244E+02

median
-4.790E+00
-2.112E-02
-4.865E-03
-6.066E-03
-4.411E-03
-3.113E-03
-3.173E-01
-2.966E-01
4.197E-01
9.623E-01
3.868E+00
3.128E+00
3.339E+00
1.969E+00
1.502E+01
9.319E+02

97.5%
-4.572E+00
-1.810E-02
-3.635E-03
-5.001E-03
-3.948E-03
-2.655E-03
-2.781E-01
-2.566E-01
4.631E-01
1.234E+00
4.150E+00
3.433E+00
3.746E+00
2.083E+00
1.551E+01
9.440E+02

Table 5. Summary statistics of posterior marginal distribution of model parameters for
hierarchical specification.
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Figure 14: Trace and posterior marginal distribution of 𝛽𝑏0 from hierarchical model.

Figure 15: Trace and posterior marginal distribution of 𝛽𝑠𝑢𝑟 from hierarchical model.

Figure 16: Trace and posterior marginal distribution of 𝛽𝑏 from hierarchical model.

Figure 17: Trace and posterior marginal distribution of 𝛽𝑠𝑏 from hierarchical model.
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Figure 18: Trace and posterior marginal distribution of 𝛽𝑔𝑠=1 from hierarchical model.

Figure 19: Trace and posterior marginal distribution of 𝛽𝑔𝑠=2 from hierarchical model.

Figure 20: Trace and posterior marginal distribution of 𝛽𝑛𝑠=1 from hierarchical model.

Figure 21: Trace and posterior marginal distribution of 𝛽𝑛𝑠=2 from hierarchical model.
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Figure 22: Trace and posterior marginal distribution of 𝛽𝐹𝐴𝑠 =1 from hierarchical model.

Figure 23: Trace and posterior marginal distribution of 𝛽𝐹𝐴𝑠 =2 from hierarchical model.

Figure 24: Trace and posterior marginal distribution of 𝛽𝑆𝐴𝑠=1 from hierarchical model.

Figure 25: Trace and posterior marginal distribution of 𝛽𝑆𝐴𝑠=2 from hierarchical model.
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Figure 26: Trace and posterior marginal distribution of 𝛽𝑇𝐴𝑠=1 from hierarchical model.

Figure 27: Trace and posterior marginal distribution of 𝛽𝑇𝐴𝑠=2 from hierarchical model.

Figure 28: Trace and posterior marginal distribution of 1⁄𝜎 2 from hierarchical model.
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Chapter 5: Conclusions
This study had the main objective of quantifying the uncertainty of pavement
performance parameters to be used in reliability analyses performed by infrastructure
management systems. These parameters’ uncertainty were quantified by the Bayesian
estimations of a pavement performance model using both a non-hierarchical and a
hierarchical specification. The posterior distribution of each individual parameters was
sampled using a combination of the Gibbs and Metropolis-Hastings techniques.
The estimated model was adapted from Prozzi and Madanat (2003) and the data
was obtained from the AASHO Road Test main factorial design (HRB, 1962). The
hierarchical model was specified in order to capture the different damaging effect that
environmental factors and traffic characteristics have on pavements between the
subpopulations with thinner (less than 100 mm) and thicker (greater than 100 mm) asphalt
layer. The main advantage of using a hierarchical specification consists of estimating the
parameters corresponding to a particular subpopulation considering the complete set of
observations.
The main observations and conclusions from this study are:


The MCMC simulation for estimating each model specification showed
convergence for all of the parameters’ marginal posterior distributions after 10,000
iterations.



All model parameters were significant in explaining the change in pavement
condition with more than 95% confidence level for both model specifications.



Most of the model parameters presented coefficient of variation close to, or greater
than 5%, which suggest heterogeneity across the cross sectional subjects.
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Furthermore, most of the parameters presented multimodal marginal posterior
distributions.


The DIC of the hierarchical specification was significantly lower than the one for
the non-hierarchical specification despite the larger number of parameters.
Therefore, accounting for the heterogeneous effect between subpopulations
resulted in a significant improvement of the fitting of the model as opposed to
assuming complete pooling across pavement sections.



The effect of the number of ESALs on the structural damage did not vary across
weaker and stronger subpopulations of pavements.



Frost penetration gradient, tandem axles and load magnitude had a higher damaging
effect on pavements with thinner (less than 100 mm) asphalt layer (structurally
weaker).

The marginal posterior distributions estimated in this study can be used as the priors
for estimating the pavement performance model using data from similar experiments or
updating the estimated model with new collected data. Further analyses will explore
methods to account for unobserved heterogeneity, such as the estimation of finite mixture
models.
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