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Modeling the International Roughness Index performance in
semi-rigid pavements in single-carriageway roads

Abstract

Pavement deterioration models are a vital feature in any pavement management system since they
are capable of predicting the evolution of pavement characteristics. Pavement roughness is
measured by most of the highway administrations due to its relation to comfort and safety,
generally by means of the International Roughness Index (IRI). The Regional Government of
Biscay (Spain) has collected IRI values since 2000 on its road network. Although many models
have been developed for flexible pavements, very few have been proposed for semi-rigid
pavements. The paper aims to develop IRI prediction models for semi-rigid pavements in single-
carriageway roads. Considering the high quantity of available information in the database,
deterministic models were selected. Due to the importance of the pavement structure in IRI
evolution observed in flexible models, only segments with completely known pavement details
were employed, i.e., a section where the complete structure is known: materials and thickness of
existing layers above the subgrade. The pavement age, as precise as practical, and the
accumulated total traffic and heavy traffic through the section were identified as roughness
accelerating factors. Conversely, the materials used in base and subbase layers, their thickness,
and the total thickness of bituminous layers were observed as degradation reducing factors.
Possible treated base and subbase materials included in the model were soil-cement, gravel-
cement, and gravel and slag. The obtained model achieved a determination coefficient (R?) of
0.569. Additionally, the bituminous material of the surface layer was verified as an affecting
factor too, which can be introduced to improve the model’s accuracy. Possible surface layer
materials included dense (D) and semi-dense (S) asphalt concrete, with a maximum aggregate
diameter of 16 and 22 mm, discontinuous mixing (BBTM 11A) and porous asphalt (PA 11). The
additional model achieved a higher determination coefficient (0.645) and, hence, a more accurate
IRI prediction resulted.
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1. Introduction

At present, Pavement Management Systems (PMS) have become an indispensable feature for
highway administrations. As defined by the AASHTO [1], PMS are a ‘set of tools or methods
that assist decision makers in finding the optimum strategies for providing, evaluating, and
maintaining pavements in a serviceable condition over a period’. They are essential tools because
road agencies can optimize the limited funds that are assigned to transportation agencies. As any
organized system, the PMS are composed of some key elements that are connected to a specific
location [1,2]:

e Pavement information and condition evaluation
o Deterioration or performance models to predict future pavement condition

e Maintenance and Rehabilitation plans at network- and project-level, after considering
local conditions, materials, and traffic, and available funding.

There is a wide variety of characteristics that may be observed in a pavement to evaluate its
condition. According to the Pavement Management Guide [1], they can be grouped in the



following types: pavement distress measurements, surface characteristics (including longitudinal
profile and roughness, and surface texture and friction), sub-surface characteristics, and structural
evaluation. However, there is not a universal approach to collect pavement data and each highway
agency follows its own procedure due to its own historical procedure and technology and funding
availability. Generally, various indices can be used to measure pavement characteristics [3-7].

Surface characteristics represent a small part of the total pavement section, but they are a vital
factor because they are the only point of contact between vehicle and road, and, hence, apply a
great influence on travelling public’s safety and comfort. Pavement surface roughness, or
smoothness, is a widely measured characteristic by road agencies because it is a prominent
interest of road users, and serves to assess their level of satisfaction. Roughness, or unevenness
of the longitudinal profile of the pavement, is related to ride comfort and safety but also provides
information about users’ cost (travel time and vehicle operating cost) and pavement sustainability
[8,9]. Many devices have been used for roughness measurements, including dipsticks, walking
profilers, profilographs, response-type road roughness measuring systems, and profilers.
Similarly, various indices have been proposed for providing an understandable and transferable
value. Some of these indices were the Present Serviceability Rating (PSR) and the Present
Serviceability Index (PSI). Due to the presence of multiple roughness measuring devices, the
World Bank conducted a correlation experiment in Brazil in 1982, the International Road
Roughness Experiment (IRRE) to establish a correlation and a calibration standard for roughness
measurements [10]. At the data processing stage, it was noticed that almost all the roughness-
measuring devices included in the experiment could produce measures on the same scale if that
scale was selected accordingly. Hence, another output was obtained, the development of the
International Roughness Index (IRI). A quarter-car model was selected for the IRI, a guideline
was published for calibrating roughness measurements, and a computer code to calculate IRI from
the profile [11] The IRI is defined in the algorithm proposed by Sayers [12] and represents the
accumulated suspension stroke of a vehicle, divided by the distance travelled during the same
time interval and it is usually expressed in mm/ m or m/km. In 1990 the IRI was required as the
standard reference for roughness measurements in the United States by the FHWA [13].
Additionally, the main advantages of the IRI are its transportability (it can be measured by many
devices) and it is stable over time (due to the algorithm used to transform a measured profile).
These characteristics have made the IRI become the most widely used index for roughness
evaluation, with examples all over the world [14-18]. Furthermore, the IRI is also employed by
highway administrations to establish the road segments where rehabilitation or maintenance
works must be performed and likewise, prioritized locations for pavement improvements [4].

Pavement performance or deterioration models are included in PMS as an essential item due to
their ability to forecast future pavement condition. There is a wide typology of models, which can
be classified in various groups. For example, Uddin [19] grouped them into deterministic (based
on regression analysis), probabilistic (including the Bayesian and Markov models), and Artificial
Neural Network (ANN) models. The Pavement Management Guide [1] suggests classifying them
into deterministic, probabilistic, Bayesian, and subjective (or expert-based) models. Nonetheless,
the deterministic and probabilistic models are broadly recognized as the basic groups, attracting
the most attention and applications in practice [20-22].

Deterministic models are recommended to be used with large historical pavement condition
information because it can establish statistically significant deterioration correlations. These
models propose a correlation between the predicted variable and some influencing factors
(independent variables) by means of regression analyses, normally, the least-square regression
approach. Unlike deterministic models, which provide a unique value as an output, probabilistic
models indicate the probabilistic distribution of the considered variable, and not an exact value.
Although both types are able to predict the evolution of an index or characteristic, probabilistic
models incorporate uncertainty in pavement performance, which is said to be more realistic due
to the probabilistic nature of pavements [21,23]. Among probabilistic or stochastic models,
Bayesian models and Markov chains are commonly used for pavement deterioration, with special
development based on Transition Probability Matrices (TPM) [24,25]. Additionally, the use of
Artificial Neural Networks is increasingly applied for modeling pavement evolution [26-27]. This



kind of model can solve problems that are difficult with traditional methods. They require a
training period, conducted by various approaches [28]. However, some authors regard them as a
“black box” because some values are introduced as inputs and an output is obtained, without fully
knowing the causal relationship between them [29-31].

The Regional Government of Biscay (RGB), a province in the north of Spain, manages the entire
interurban road network of the province, comprising more than 1,200 km and has collected IRI
values since 2000, which are stored in their PMS. The aim of this paper is to develop an IRI
performance model for semi-rigid pavements in single carriageway roads (i.e. two-way, two-lane
roads) until the first maintenance or rehabilitation activity, as a function of the statistically
significant factors in the IRI evolution.

2. IRI performance models for semi-rigid pavements

At present, two main types of pavements are used as the material for the top layer: Portland
cement concrete (PCC), which are called rigid pavements; or a bituminous layer, known as
flexible pavements. A semi-rigid pavement consists of a bituminous layer over chemically
stabilized (or treated) base layer [32]. Traditionally, a typical flexible pavement section includes
a top surface asphalt layer, which directly supports the traffic loads, and beneath it, there is an
untreated base layer, which provides support to the surface layer and distributes the load beneath
it. Sometimes, a sub-base layer may be placed between the base layer and subgrade, providing
additional structural support and improving drainage. At the bottom, there is the subgrade layer,
which receives the loads from the layers above it. The typical material in base layers is unbound
aggregate, making granular bases. However, due to increasing traffic levels on roads, pavements
are subjected to higher stresses and more frequent loading cycles, causing permanent
deformations in granular bases and asphalt surface layers [33]. For enhancing the behavior of the
base layers, different materials and methods are applied to treat materials: cement, lime,
bituminous materials, fly ash, slag, obtaining semi-rigid pavement structures [32, 34-36]. These
stabilized layers increase the strength of the pavement structure and pavements achieve better
performance than with non-treated bases [37].

For IRI prediction, several performance or deterioration models have been proposed in the
literature. One of the first models was proposed by the World Bank after developing the index
itself, and are available in the documents of the HDM-III [38] and HDM-4 [39]. Paterson [40]
employed a structured empirical approach to model the deterioration and maintenance effects for
the HDM-III model, which aimed to identify the primary variables that affect each pavement
property from mechanistic and empirical information, by means of various statistical techniques.
It is based on the hypothesis that the various mechanisms that increase roughness must be
included as components of the model: structural deformation (caused by traffic loads), cracking,
rutting, potholing, and environmental factors. The HDM-4 model uses the model of the HDM-
III, with the same five components, with some variations. Table 1 presents some IRI models
developed in the literature, indicating the factors that are included.

Table 1. IRI performance models for bituminous pavements

Authors Type of model Factors included in the model

Structural deformation (traffic), cracking, rutting,

Watanatada et al. (1987) [38] Deterministic potholing and environmental factors

Structural deformation (traffic), cracking, rutting,

Morosiuk et al. (2004) [39] Deterministic potholing and environmental factors
COST-Transport (1997) [41] o Pavement age, freezing 1n§ex, thlck_ness of bituminous
Deterministic layers, road width, deflection, age since last
(for Sweden)
measurement
s Pavement age, cumulative traffic, modified structural
George (2000) [42] Deterministic number, thickness of top-most overlay, resurfacing type
Nassiri et al. (2013) [43] Deterministic Pavement age, Annual Average Daily Traffic, subgrade

fines, rutting, transverse and miscellaneous cracking




Dalla Rosa et al. (2017) [44] Deterministic

Initial IRI, pavement age, climate, subgrade, treatment
type, pavement type, traffic loading and functional
system (urban or rural), bituminous layer thickness

Random forest

Gong et al. (2018) [45] regressions

Structure (total thickness of bituminous layers and the
entire pavement structure), distresses (fatigue,
longitudinal, transverse, block, and edge cracks,
patching, raveling, potholes, polished aggregates,
rutting), initial IRI, age, traffic and climatic factors.

Pérez-Acebo et al. (2018) [46]  Probabilistic

Road classification as a function of traffic category.

Sylvestre et al. (2019) [47]

r : D L
(for regions with frost heave) eterministic

Initial IRI, pavement age, thickness of the bituminous
concrete, number of load applications based on standard
axle, annual number of load allowed by design, absolute
values of the yearly deterioration rate of the IRI
associated with fatigue and transversal cracking,
subgrade soil variability index and frost heave

Alaswadko et al. (2019) [8] Deterministic

Age, Traffic loading (cumulative traffic), initial
pavement strength, Thornthwaite moisture index,
expansion potential of subgrade soils, drainage (granular
bases)

Artificial Neural

Hossain et al. (2019) [48] Networks

Annual average temperature, freezing index, maximum
humidity, minimum humidity, precipitation, average
daily traffic and average daily traffic

General Machine

Previous IRI measurements, structural data (pavement
thickness and structural number), climatic data (annual

. Learning Approach  average precipitation, temperature and freeze index,
Marcelino et al. (2019) [49] (random forest maximum and minimum annual average humidity) and
algorithm) traffic data (cumulative annual average daily truck
traffic)
Initial IRI, cumulative equivalent single axle loads,
. Artificial Neural subgrade resilient modulus, average temperature,
Zeiada etal. (2019) [50] Networks freezing index, freeze/thaw, wind velocity, relative
humidity (in cold regions).
Deterministic Initial IRI, area of fatigue cracking, transverse cracking,
AASHTO (2008) [51] (Mechanistic- rut depth, pavement age, plasticity index of soil, average
AASHTO (2015) [32] empirical) freezing index, average annual precipitation, subgrade

gradation

El-Khawaga ct al. (2020) [52] ~ Deterministic and

Pavement age

probabilistic
Osorio-Lird et al. (2020) [53] Determlp istic Pavement age (for chloride-stabilized rural roads)
(regression)
Pavement age, total thickness of bituminous layers,
Pérez-Acebo et al. (2020) [54]  Deterministic accumulated heavy traffic, bituminous material in
surface layer.
Deterministic L .
Abdelaziz et al. 2020 [31] (regression) and Pavement age, 1n1t1a¥ IRI, transverse cracks, alligator
ANN cracks, standard deviation of the rut depth.

All the models explained in Table 1 were developed for use with flexible pavements. Although
characteristics of treated materials in semi-rigid pavement have been analyzed [55-59], very few
performance models have been developed, especially for network-level applications [60-63]. In
the 2™ version of the Mechanistic-Empirical Pavement Design (MEPDG) [32], there were some
models for IRI prediction in flexible and overlaid pavements and rigid pavements, but it indicated
that models for asphalt concrete pavements with treated bases, i.e, semi-rigid pavements, were
not available. Recently, the 3™ version of the MEPDG [64] presented a model for semi-rigid
pavements (Equation 1):

IRI =IRI, + PCCC,-RD+PCCC, -FC,,,+ PCCC,-TC+PCCC,-SF (1)

tal

Where PCC C;,34are calibration factors (with the following values, PCC C; = 40.8, PCC C, =



0.575, PCC C; = 0.0014, PCC C, = 0.00825); IRIy is the initial IRI after construction
(inches/mile); RD is the average rut depth (inches); FCrow is the area of fatigue cracking
(combined alligator, longitudinal, and reflection cracking in the wheel path as a percent of total
lane area), TC is the length of transverse cracking (including the reflection of transverse cracks in
existing Hot Mix Asphalt pavements in feet/mile); and SF'is a site factor, calculated by means of
Equation (2):

SF = Age" {In[(Pc +1)- (FI +1)- p, [} + {In[(Pc +1)-(PI +1)- p,y, | 2)

Where Age is the pavement age (year), Pc is the average annual precipitation or rainfall (inches),
Fl is the average annual freezing index (°F days), P/ is the percent plasticity index of the soil, po.
is the percent passing the 0.02 mm sieve, and p2g is the percent passing the 0.075 mm sieve.

Nevertheless, the variables included in Equation (1) and (2) are not always available for all the
highway administrations and, therefore, easier models are needed.

3. Available data and methodology
3.1. The Pavement Management System of the Regional Government of Biscay

Biscay is a Spanish province located in the north of Spain, and with two other provinces composes
the autonomous region of the Basque Country. This region has a special autonomous status, which
allows that the regional government of each of these provinces has the competence about all the
motorways and highways in the province. Therefore, the Regional Government of Biscay (RGB)
is the owner and the responsible of all the interurban roads in the province of Biscay, except the
municipal roads. The RGB manages a road network with a total length of more than 1200 km.
The surface layer is bituminous in the entire network no concrete surface layers can be found,
and, hence, only flexible and semi-rigid pavements exist. Aiming to better allocate the limited
budget for roads, the RGB developed its own pavement management (PMS), known as State
Agenda. It includes all the information about the freeways and highways that is said to be essential
in any pavement management system [1]:

(1) Inventory data. The RGB includes a lot of information about the network: road and/or
segment identification, network levels, geometric data of the carriageway (number of
lanes, width of lanes, shoulders, radii of curve, grades, superelevation), sight and inverse
sight distances, bridges, interchanges, culverts, and drainage structures.

(2)  Traffic history data. The RGB collects the following information in the entire network
every year: Annual Average Daily Traffic (AADT) of the highway (including both
directions), the percentage of heavy vehicles, and the Annual Average Daily Traffic of
Heavy Vehicles in the design lane (H.AADT) and publishes all the data annually [65].
A heavy vehicle is considered as such when its weight is over 3,500 kg, following
Spanish standards [66]. The design lane is the lane with the highest quantity of heavy
vehicles. For two-lane roads, each lane is assumed to support half of both total and
heavy traffic. In freeways or multilane highways (double carriageway highways) with
two lanes per direction, the right lane is considered to have all the heavy traffic in that
direction, normally assumed to be half of the traffic of both directions. In the case of
double carriageway highways with 3 or 4 lanes, the right lane is assumed to have 85%
of the heavy traffic in that direction (once again, half of both directions).

(3) Environmental data. The province of Biscay has a relatively small surface area, 2,217
km? and a homogenous oceanic climate over the entire province. Hence, environmental
data are not considered as an affecting factor. The only data in the PMS is the monthly
rainfall (mm) in each of the four areas that Biscay is divided.

(4) Pavement condition data. The RGB evaluates the state of the road network with data
collections, obtaining data about roughness, skid resistance and macrotexture, structural



capacity, and surface defects. The RGB indicates the roughness values by means of the
International Roughness Index (IRI). IRI was not recorded every year, only some of
them: 2000, 2002 (partially, on some roads not measured in 2000), 2004, 2007, 2011,
and 2016. Roughness was evaluated in the summer. IRI values are specified for every
100 m of the road, indicating the exact initial and final Kilometer Point (KP) of the
segment. For every 100 m-segment, on two-lane roads, the IRI value is recorded in both
the right and left lanes. In freeways and multilane highways, each carriageway is
considered separately; and for each carriageway, IRI values for the two lanes on the
right are registered.

Additionally, in the inventory data, information about the pavement structure is also recorded.
This information is not incorporated after many identifying tests but by means of project
information. The RGB has introduced all the data of the projects that have been conducted since
it received the responsibility for the road network in 1983. Since then, all the projects that implied
new segments are included. However, some highways have not had new segments during this
period. Conversely, since 2000 all the maintenance and rehabilitation (M&R) projects are also
recorded. This strategy allows introducing real information in the PMS, although it can be
incomplete for some roads and dates. Despite its incompleteness, the available information is
reliable and correct, and has been verified. The information for projects that is introduced in the
database includes (1) project data: name, type of project, project manager and contractor, date of
redaction and of the end of the works, etc.; and (2) pavement information: road denomination,
initial and final Kilometer Point (KP) of the project, type of project (New Segment, if the entire
pavement structure is new, from base or subbase to surface layer; or M&R work, if only the
surface layer is affected) and exhaustive information about pavement layers (materials in each
layer and their denomination, thickness, and binders). When the information is inserted in the
database of the PMS, two files can be obtained for each road, the Pavement Structure File and the
Surface Layer File.

The Pavement Structure File divides the entire length of a road according to the available known
pavement sections. If the entire pavement structure is known, for example, from the information
of a New Segment, the file shows all the available data: materials and thickness of all the layers
(surface, base, and subbase layers) with the exact date when the segment was opened to traffic. If
the complete pavement section is unknown, the file shows the available data for that segment.

The Surface Layer file divides the entire length of the road in segments according to the existing
material of the surface layer. Even if the complete pavement section is unknown in some
segments, data about the surface can be known because M&R projects have been introduced in
the database since 2000.

3.2. Methodology

Due to the large quantity of data available in the database of the PMS of the Regional Government
of Biscay (IRI values every 100 m, detailed -information about pavement structures, traffic
history per year), it was decided to develop a deterministic model that considers the factors
(variables) that have a statistical significance on the prediction of the IRI on semi-rigid
pavements. Expert-based models were rejected due to their subjectivity and due to the large
amount of information available which could be better applied with other approaches.
Probabilistic models were discarded because it is necessary to develop a model for each
combination of factors. There are various materials for semi-rigid pavements and many traffic
categories can be established and, hence, many Transition Probability Matrices would have been
necessary to be developed. Finally, the Artificial Neural Network models were also discarded
because they act as a “black box™, not showing the real effect of each factor on the predicted
value, even if sometimes they can obtain a better determination coefficient (R?) than deterministic
models [31].

Among deterministic models, various types of curves can be used for fitting the data: linear,
quadratic, cubic, logarithmic, etc., with different shapes for the evolution trend. Although a single



predicting variable can be employed, the use of multiple variables is generally adopted and, hence,
Multiple Linear Regressions (MLR) models are utilized. MLR analysis is a statistical technique
used for analyzing the relationship between a quantitative dependent variable (the predicted one)
and various quantitative independent variables (the predicting ones), whose values are known.
Additionally, it is possible to introduce qualitative predicting variables (independent) if they are
transformed into quantitative variables. The MLR analysis assumes some hypothesis that must be
verified after creating the possible model [67-69]: a linear relationship between the dependent
and the independent variables, the independence of the observations, the homoscedasticity, errors
must be normally distributed, the variance of errors must be equal across all levels, and there is
little or no multi-colinearity in the data.

Additionally, the General Linear Multiple (GLM) regression model is the most general form of
linear regression modeling, and it includes a MLR model with quantitative variables and the MLR
model with quantitative and qualitative variables simultaneously, including all the models of the
Analysis of Variance (ANOVA) and Analysis of Covariance (ANCOVA) [70].

3.3. Data preparation and selected variables

There are five network levels in the road network of Biscay, from most important to least:
preferential interest (red), basic (orange), complementary (blue), provincial (green), and local.
Roads in the local network are perfectly identified, their traffic volumes are measured, and their
roughness IRI and skid resistance are evaluated. However, the information about projects at this
level is not so adequately provided in the database. The entire local network has a total of 603.1
km in 2016 (46.2% of the total), but its mobility impact is low, carrying only 6.5% of the total
movements (Table 2) [65]. Therefore, this road network level was removed from the analysis.

Table 2. Length and mobility in each road network level managed by the RGB in 2016.

Rontniwarctevel LUK Boreniage . Mabll (nbons  Porage o
Preferential interest 248.6 19.1 2,692 58.1
Basic 210.4 16.1 1,205.3 26.0
Complementary 325 2.5 156.3 34
Provincial 209.5 16.1 275.3 5.9
Local 603.1 46.2 303.4 6.5

Additionally, the lanes of a double carriageway road (freeways or multilane highways) can have
a different roughness evolution because heavy vehicles travel preferentially on the right lane, and,
hence, the load spectra on each lane are very different. Consequently, for this IRI prediction
model, only single carriageway roads, i.e two-lane, two-way roads, are examined, because each
lane is reasonably assumed to support half of the traffic and heavy traffic.

Furthermore, as described in section 2, IRI models developed in the literature generally take into
account the pavement structure, in models for both flexible and semi-rigid pavements. The
materials and the thickness of each layer are expected to be an influencing factor on the IRI
progression. Therefore, only road segments with a completely known pavement structure are
considered in this research. With the PMS of the RGB, the Pavement Structure File is used to
divide each road according to the data available about the existing pavement structure. Hence, it
is easy to select the completely known pavement structures with the materials and thickness of
all layers and understand precisely when that segment was opened to general traffic. The data
used to develop the models are restricted to semi-rigid pavements since they function in their
original construction state until the first maintenance or rehabilitation (M&R) work is conducted
on them. However, if a selected segment is partially maintained or rehabilitated, the other part
continues to be analyzed. However, the known pavement structure is not the only segmentation
factor to select segments for the study. Within a segment with the same pavement structure along



its length, variable traffic data can be assigned, depending on the intersections. Therefore, existing
completely known pavement structure (and the date when it was open) and traffic volumes are
the segmentation factors for selecting road segments with the same characteristics. Consequently,
there are pavement segments constructed at various dates prior to 2016, and one or more
roughness values are available, measured in the general data collections: 2000, 2002 (partially),
2007, 2011, and 2016. When a segment is maintained or rehabilitated, it is not longer analyzed.

Once segmentation was conducted, relevant variables were analyzed for being introduced as
possible affecting factors on roughness progression. According to Table 1, age of the pavement,
traffic volumes, and structural parameters are commonly used factors.

The dependent variable was the International Roughness Index, expressed in m/km (or in mm/m).
As previously explained, the RGB records the IRI values for segments of 100 m. For example,
within a segment of 2 km, 20 IRI values are available. In selected semi-rigid pavement segments,
it was observed that a dispersion of the values existed, and, hence, the mean value of each segment
was calculated. This mean value of the roughness in the segment with the same characteristics is
the predicted or dependent variable. Unlike probabilistic models that predict a range of variation
for the dependent variable [21,54], deterministic models try to predict the mean value of the
variable as a function of one or more independent variables.

For independent variables, the following factors were introduced.

e Age. Pavement age is a typical factor for IRI models. The exact date when the segment
was opened to traffic and the date of the data collection are known and were introduced
in the PMS. Therefore, two variables were proposed. The variable Age is calculated as
the difference between the year of the data collection and the year when the segment
was first in service. Additionally, the variable R.Age (Real Age) is proposed too. It also
calculates the difference between the date of the data collection year and the date when
the segment was opened to traffic, but expressed in decimal format (i.e, 6 months equals
0.5 year). If the data collection is conducted in June 2011, it is computed as 2011.5.
Hence, a more accurate and precise age of the pavement is obtained.

e Traffic volumes. Generally, IRI models use Equivalent Single Axle Loads (ESALs) for
considering the different effects of weight on the road pavements. However, the number
of each vehicle type is not registered in the PMS of the RGB and it is only possible to
differentiate light and heavy vehicles. Hence, these variables are included as possible
factors: The Annual Average Daily Traffic of the year of the data collection (44DT)
(vehicle/day); the Annual Average Daily Traffic of Heavy Traffic (H.AADT) in the
design lane (heavy vehicle/day/lane) in the year of the data collection; the total number
of vehicles that crossed the section since it was opened to traffic until the date of data
collection (TotVeh) in both directions (thousand of vehicles); and the total number of
heavy vehicles that crossed the section on the design lane since it was opened to traffic
until the date of data collection (TotH.Veh) (thousands of vehicles). The last two
variables refer to the accumulated total amount of vehicles and heavy vehicles that
crossed the section, respectively.

e Structural parameters. Various structural parameters are typically used in IRI models,
such as, the Structural Number (SN) or variations of it. Nonetheless, this parameter is
not employed in Spanish standards and the values that it needs are unknown. Hence, the
structural strength of the layers was introduced by means of other variables. The
variable TotBit, Total thickness of bituminous layers, indicates the thickness of all the
bituminous layers of the section, in cm. Generally, in Spain, two or three bituminous
layers are extended, including Asphalt Concrete (AC) mixes, discontinuous mixes
(BBTM type), and porous asphalts (PA). An additional variable, Structural Stiftness of
bituminous layers, SSz:, was created to reflect the individual contribution of each
bituminous layer to the structural capacity. It is calculated as the sum of the products of
the thickness of each layer and its Young modulus (Equation 3).



SSbit = Z Bthz‘ -E, 3)

i=1

Where Bth; is the thickness of the i bituminous layer, E; is the Young modulus of the i
bituminous layer (according to Table 3), and 7 is the total number of existing bituminous
layers in the section.

Similarly, another variable was created to reflect the contribution of the base and
subbase layers to the structural capacity, Structural Stiffness of base and subbase layers,
SShase, as shown in Equation (4),

SS base — Z Sthz E i (4)

i=l1

Where Sth; is the thickness of the i base or subbase layer, F; is the Young modulus of
the i base or subbase layer (according to Table 3), and n’ is the total number of layers
in the base and the subbase (1 or 2). Existing materials in semi-rigid pavements in
Biscay are soil-cement, gravel cement (a cement treated base material), and gravel and
slag. Occasionally, two different materials are used and in the subbase, crushed stone
may be also extended. Values shown in Table 3 were obtained from the pavement design
guide of the region of the Basque Country [71], which includes the province of Biscay.
These values were applied because they represent values obtained in the roads in this
region of Spain, which are expected to be more realistic than other values provided_in
the literature, which could be obtained by means of other techniques.

Finally, to obtain a global idea of the stiffness of the pavement section, the calculated
individual contribution of bituminous and non-bituminous layers are summed in an
additional new parameter, Structural Strength total, SS;,,, which is calculated as:

SS = SShit + SSbase (5)

tot

e Other parameters. Due to the small extension of the province of Biscay and to the
homogeneous oceanic climate, environmental, or site factors, as those proposed by the
AASHTO [64] have not been considered. Very few differences can be observed among
environmental factors in the region, with variation lower than 10% in rainfall data or
temperatures. The initial IRI is not registered in the database. It is a necessary value to
open a new segment, but the values obtained in the verification are not recorded.

Table 3. Values of the modulus of Young for different materials

Material Modulus of Young (MPa)

Asphalt Concrete (AC) mixes: dense (D) and semi-dense (S) gradation 6,000
Asphalt Concrete (AC) mixes: thick (G) 5,000
Discontinuous mixes (BBTM type) and Porous Asphalt (PA) 4,000
Soil-cement (with crushed stone) 12,000
Gravel cement (Cement treated base material) 22,000

Gravel and slag 10,000 *

Crushed stone 250

* This value is approximate

4. Results and discussion

After the segmentation of the available semi-rigid pavement at the road network of Biscay, 81



segments with different values for pavement section, age, and traffic were obtained in single
carriageway roads. First, after an explanatory analysis of the dependent and independent
variables, the correlation between each independent variable and the dependent variable (IRI) was
carried out by means of the Pearson coefficient (Table 4). The variables Age, R.Age, and TotBit
show very good correlations with IRI. The variable SS;; shows a good correlation too, but lower
than TotBit, indicating that the total thickness of the bituminous layers is better correlated with
IRI than the proposed variable that considers the Young modulus of each material. SSpase and SSio:
present correlations without significance. While A4ADT and H.AADT show good correlations,
TotVeh and TotH.Veh have very low correlations without significance. This fact is contrary to the
models developed in the literature because IRI is usually related to the cumulative number of
vehicles crossing a section.

Table 4. Correlations between the dependent variable (IRI) and the independent variables
(Pearson coefficient) and significance of the correlation.

Independent variables Correlation wi?h IRI Signiﬁcance‘of the correlation
(Pearson coefficient, R) (bilateral)

Age 0.388 <0.001

R.Age 0.390 <0.001

TotBit -0.384 <0.001
SSbit -0.302 0.006
SShase -0.134 0.231
SSiot -0.160 0.154

AADT -0.407 <0.001
H.AADT -0.299 0.007
TotVeh -0.072 0.525
TotH.Veh -0.003 0.979

Secondly, the plot of the predicted variable (IRI) vs. each of the predicting variables was observed
to determine the curves that best fit the data (Table 5), and variables were transformed as
suggested by the equations showing the best correlation. However, the curve that best fit the data
was not always selected because normally, quadratic or cubic curves fit better, but they are not
the expected pattern proposed in the literature and they do not fit a hypothesized practical,
experiential pattern. In other cases, the difference in the determination coefficient (R?) between a
linear regression and other curves is lower than 0.05 (AR’ <0.05), the linear model was preferred,
i.e., the independent variable was not transformed.

Table 5. Equations that best correlate each independent variable individually with the
dependent variable

Resume of the model Parameter estimates
lndfe pendent Equation Degrees of Degrees of .
variable type R? F freedom 1 freedom2  Sig Intercept b1
Age Logarithm 0.215 21.582 1 79 <0.001 1.657 0.282
Age Potential 0.227 23.205 1 79 <0.001 1.640 0.139
R.Age Logarithm 0.219 22.211 1 79 <0.001 1.684 0.270
R.Age Potential 0.234 24.117 1 79 <0.001 1.668 0.133
TotBit Linear 0.148 13.671 1 79 <0.001 2.934 -0.059
SSbit Linear 0.091 7918 1 79 0.006 2.844 -9.4-10°¢
SShase Linear 0.018 1.455 1 79 0.231 2.275 -3.81-10-7
SSiot Linear 0.026 2.07 1 79 0.154 2.335 -4.4-10-7
AADT Linear 0.166 15.72 1 79 <0.001 2.376 -2.7-10-5



HAADT Linear 0.089 7.743 1 79 0.007 2.293 2.9-10-4
TotVeh Linear 0.005 0.408 1 79 0.525 2.159 -1.93-10-9
TotH.Veh Linear <0.001  0.001 1 79 0.979 2.124 1.16-10-9

For the variable Age, two transformations were conducted based on the good correlations obtained
in the analysis, a logarithm and a potential transformation, Ln4ge and Pot4ge, and similarly for
R.Age, the same two transformations were completed, LnR.Age and PotR. Age. With the variables
and the transformed variables, multiple linear regression (MLR) models were proposed and
evaluated. The analysis was conducted with the functions Step by Step and Forward of the IBM
SPSS v24 software. Models were accepted if they were globally significant (a p-value of the
Fisher-Snedecor test below 0.05) and all the introduced variables are significant (the coefficient
of the variables are different from 0 with 95% significance, i.e. a p-value < 0.05 using the
Student’s t test. Table 6 shows a summary of the tested models.

Table 6. Proposed Multiple Linear Regression models for IRI performance in semi-rigid
pavements in Biscay

Proposed model R? Comments and observations
IRI = Int + PotR.Age + TotBit + TotVeh 0.397 Int has low significance (p = 0.875)
IRI = Int + LnR.Age + TotBit + TotVeh 0.385 All variables significant
IRI = Int + PotR.Age + TotBit + TotH.Veh 0.325 Low significance of TotH.Veh (p = 0.289)
IRI =Int + LnR.Age + TotBit + TotH.Veh 0.331 Low significance of TotH.Veh (p = 0.287)
IRI = Int + PotR.Age + TotBit + TotH.Veh + TotVeh 0.401 i%”t);‘)gmﬁcaﬂce of Int (p = 0.791), TotH.Veh (p
IRI = Int + LnR.Age + TotBit + TotH.Veh + TotVeh 0.405 Low significance of TotH.Veh (p = 0.09)

_ . Low significance of Int (p = 0.931), SSbit
IRI = Int + PotR.Age + SSbit + SSbase + TotH.Veh + TotVeh 0.387 (p=0.13), SSbase (p = 0.32)

_ . Low significance of SSbit (p = 0.13), SStot
IRI = Int + LnR.Age + SSbit + SSbase + TotH.Veh + TotVeh 0.389 (p=0.36), TotH.Veh (p = 0.107)
IRI = Int + PotR Age + TotBit + SSbase + TotH.Veh 0325 a)"f ()Slgg;l)‘ﬁcance of TotH.Veh (p=0.31), SSbase
IRI = Int + LnR.Age + TotBit + SSbase + TotH.Veh 0.331 aj"‘:” g‘gg;‘)‘ﬁcance of TotH.Veh (p = 0.29), SSbase
IRI = Int + PotR.Age + SStot + TotVeh + TotH.Veh 0371 g‘;‘g 4§‘gmﬁ°ance of Int (p = 0.46), SStot (p =
IRI = Int + LnR.Age + SStot + TotVeh + TotH.Veh 0373 a)":“(; ;gggﬁcance of TotH.Veh (p = 0.11), SStot
IRI = Int + PotR.Age + TotBit + SStot + TotVeh + TotH.Veh 0.411 (L)‘;‘;ggn‘ﬁcame of Int (p = 0.535), SStot (p =
IRI =Int + LnR.Age + TotBit + SStot + TotVeh + TotH.Veh 0414 Low significance of SStot (p = 0.31)
IRI = Int + PotR.Age + TotBit + AADT + HAADT 0.380 Significance of HAADT (p = 0.057)
IRI =Int + LnR.Age + TotBit + AADT + HAADT 0.383 Significance of HAADT (p = 0.061)
IRI = Int + PotR.Age + TotBit + AADT 0.349 All variables are significant
IRI = Int + LnR.Age + TotBit + AADT 0.353 All variables are significant
IRI = Int + PotR.Age + SStot + AADT 0313 g‘i‘:"gilgmﬁcme of SStot (p = 0.514), Int (p =
IRI =Int + LnR.Age + TotBit + AADT 0.317 Low significance of SStot (p = 0.537)

Note: Int = Intercept; p is the p-value of the Student’s t test of each variable

Although the potential transformation of R.Age (PotR.Age) obtained a better correlation with IRI,
the logarithmic transformation (LnR.A4ge) obtained better models. The variables related to the
annual average daily traffic (A4DT and H.AADT) had a very good correlation with IRI and those
related to accumulated traffic (TotVeh and TotH. Veh) had very poor correlations. However, when
introduced in a MLR model, variables related to accumulated traffic obtained better values. The
best model with all the variables significant (p-value < 0.05) is the second one. Nevertheless, that
model does not use any proposed variable related to the base or subbase layers (SSpase OF SSior).



Moreover, when introducing the variables that considered the Young Modulus (SSki, SShase, OT
SSwi), they were generally statistically insignificant. Hence, the proposed variables that take into
consideration the Young modulus are not adequate. Nonetheless, treated materials in semi-rigid
pavement have different properties and they affect the IRI performance. Therefore, a qualitative
variable, BASE, is proposed to take into account the different available treated materials in base
and subbase layers on semi-rigid pavements which led to the testing of some General Linear
Models (GLMs) with these variables. Existing treated materials in base and subbases and their
combination in the road network of Biscay are exposed in Table 7, with the existing thickness of
each material.

Table 7. Combination of treated materials in semi-rigid pavement in Biscay with their

thicknesses
o Thickness in Material in Thickness in BASE * )
Material in base layer base layer subbase laver subbase layer Bthick
(cm). y (cm) (code)
Gravel cement (Cement- 22,25, 29, 30, ) ) 12 22,25, 29,
treated base material) 33 30, 33
Gravel cement (Cement- .
treated base material) 22 Soil-cement 22 25 22
Gravel cement (Cement-
treated base material) 20 Crushed stone 20 23 20
Soil-cement 25,33 13 25,33
Gravel and slag 22,24, 25, 28, 14 22,24, 25,
30, 45 ) ) 30,45
Gravel and slag 20, 25, 30 Crushed stone 20 26 20, 25, 30
Gravel and slag 25 Crushed stone 25 27 25
Gravel and slag 20 Crushed stone 30 28 20

* BASE: Qualitative variable

As seen in Table 7, the subbase layer is not always present and the base layer material becomes
the main material. The possible non bituminous sections were considered in the new variable,
BASE, according to the base material. For example, for the gravel cement, when used
independently with various thicknesses available, and those thicknesses became a new
quantitative variable, Bthick, which indicates the thickness of the base layer, in cm. When gravel
cement is combined with soil-cement, there is a unique solution (22 cm + 22 cm), and it has been
considered as another factor in the qualitative variable. Similarly, with the combination of gravel
cement and crushed stone, there is a unique possibility (20 cm + 20 cm). When using soil-cement
in the base layer, the subbase layer does not exist. Finally, with the gravel and slag in the base, it
can be extended as the only layer or over crushed stone. As there are various thicknesses for the
crushed stone layer, various sections were introduced in the variable BASE, sections 26, 27, and
28, to reflect the various possibilities of the thickness of the subbase, 20, 25, and 30 cm,
respectively. The variable Bthick indicates the thickness of the gravel and slag layer, which may
vary in sections 14 and 26.

Several models, General Linear Models, were tried with the new qualitative variable (BASE) and
quantitative variable (Bthick). The SPSS software allows introducing qualitative variables in
GLMs, but they can also be combined as desired with existing quantitative variables. Table 8
shows a summary of the tested models.

Table 8. Proposed General Linear Models for IRI performance in semi-rigid pavements



Proposed model R? Comments and observations

IRI=Int + LnR.Age + BASE 0.457 All variables are significant (p < 0.001)
IRI =Int + LnR.Age + TotBit + BASE 0.479 Significance of TotBit (p = 0.084)

IRI =Int + LnR.Age + TotH.Veh + BASE 0.471 Low significance of TotH.Veh (p = 0.169)
IRI =Int + LnR.Age + TotVeh + BASE 0.526 All variables are significant (p < 0.05)

IRI = Int + PotR.Age + TotVeh + TotH.Veh + BASE 0.558 Low significance of Int (p = 0.978)

IRI =Int + LnR.Age + TotVeh + TotH.Veh + BASE 0.559 All variables are significant (p < 0.023)
IRI =Int + LnR.Age + TotVeh + TotH.Veh + TotBit + BASE 0.560 Low significance of TotBit (p = 0.815)
IRI =Int + LnR.Age + TotVeh + BASE*Bthick 0.522 All variables are significant (p < 0.05)

IRI =Int + LnR.Age + TotVeh + TotH.Veh + BASE*Bthick 0.555 All variables are significant (p < 0.027)

IRI =Int + LnR.Age + TotVeh + TotH.Veh + BASE*Bthick + TotBit 0.558 Low significance of TotBit (p=0.511)

IRI = Int + LnR.Age + TotVeh*TotBit + TotH.Veh*TotBit +
BASE*Bthick

IRI =Int + LnR.Age + TotVeh*TotBit + TotH.Veh + BASE*Bthick 0.569 All variables are significant (p < 0.012)

0.563 All variables are significant (p < 0.02)

Note: Int = Intercept; p is the p-value of the Student’s t test of each variable
As observed, the model with the highest determination coefficient (R?) and all the variables
statistically significant (p-value of the Student’s t-test below 0.05) is the last one. The model has
the form of Equation (6) with a R? = 0.569.

IRI= Int + LnR.Age + TotVeh* TotBit + TotH Veh + BASE * Bthick (6)

Table 9 shows the test of Between-Subject effects for the model of Equation (6), with all the
variables significant (p < 0.012). Table 10 presents the estimations of the parameters (coefficients)
of the model. Figure 1(a) and 1(b) present the diagrams of dispersion by level and provide graphic
information about the variance homogeneity, which allows observing the possible existence of a
relationship between the size of the means and the size of the variance. As the variance and
standard deviations are not equal, points in both Figures 1(a) and 1(b) are not horizontally aligned.

Table 9. Test of Between-Subjects effects for the model of Equation (6)

Origin ’Isl’llzlel f)IfI De(%; * S“:E::le F Sig. Pfe‘:‘;l_al cenl\tll?:lity 0323‘::(1
Squares  freedom squared  parameter

Corrected model 12.142 11 1.104 8271  <0.001 0.569 90.983 1.000

Intercept 6.287 1 6.287 47.109 <0.001 0.406 47.109 1.000

LnR.Age 1.046 1 1.046 7.836 0.007 0.102 7.836 0.788

TotH.Veh 0.879 1 0.879 6.588 0.012 0.087 6.588 0.716

TotVeh * TotBit 1.984 1 1.984 14.869 <0.001 0.177 14.869 0.967

BASE*Bthick 3.868 8 0.484 3.623 0.01 0.296 28.986 0.974

Error 9.208 69 0.133

Total 386.440 81
Corrected total 21.350 80

Table 10. Parameter estimates for model of Equation (6)



95% CI Partial eta- Non centrality Observed

Parameters B Std. Error t Sig. Lower Upper squared parameter Power
Intercept 2223 0.324 6.864  <0.001 1.577 2.869 0.406 6.864 1.000
LnR.Age 0.221 0.079 2.799 0.007 0.064 0.379 0.102 2.799 0.788
TotH.Veh 1.87*10 7.3*%10-5 2.567 0.012  4.174*10° 3.33*10* 0.087 2.567 0.716

TotVeh * TotBit -1.162*10°  3.01*10-7 -3.856  <0.001 -1.76*10° -5.61*107 0.177 3.856 0.967
[BASE = 12]*Bthick -0.015 0.010 -1.496 0.139 -0.035 0.005 0.031 1.496 0.314
[BASE = 13]*Bthick -0.029 0.013 -2.274 0.026 -0.054 -0.004 0.070 2274 0.611
[BASE = 14]*Bthick -0.005 0.009 -0.543 0.589 -0.023 0.013 0.004 0.543 0.083
[BASE = 23]*Bthick -0.015 0.015 -1.001 0.320 -0.045 0.015 0.014 1.001 0.167
[BASE = 25]*Bthick -0.035 0.020 -1.790 0.078 -0.074 0.004 0.044 1.790 0.423
[BASE = 26]*Bthick -0.023 0.012 -1.885 0.064 -0.047 0.001 0.049 1.885 0.460
[BASE = 27]*Bthick 0.007 0.011 0.644 0.522 -0.015 0.030 0.006 0.644 0.097
[BASE = 28]*Bthick -0.028 0.021 -1.373 0.174 -0.069 0.013 0.027 1.373 0.273
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(b)
Figure 1. Scatter plots by level for Equation (6), a) Standard deviation, b) Variance

Figure 2 shows the plot of residuals, which allows for observing the randomness and
independence of residuals. It can be seen that the plot of predicted values vs. standardized
residuals is random because there is no pattern and the errors are homogeneous because the
dispersion of the standardized residuals is similar along all the values of the predicted values.
Figure 3 shows a plot of Predicted values vs. Observed values.

Dependent variable: IRI

Observed
Q
Q

Predicted

Standard residual

Observed Predicted Standard residual
Model: Intercept + LnR.Age + TotVeh * TotBit + TotH. Veh + BASE * Bthick

Figure 2. Plot of residuals (standardized), observed and predicted values of the model of
Equation (6).



Observed vs. Predicted values, Equation (6)
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Figure 3. Observed values vs. Predicted values for Equation (6)

The proposed model is based on the factors that usually deteriorate pavements, age and
accumulated traffic (variables R.Age, TotH.Veh, and TotVeh) and the factors that give strength to
resist that deterioration, the thickness of the bituminous layers and the treated materials used and
their thickness (7otBit, BASE, and Bthick). The proposed model seems to be logical and in
accordance with other parameters employed in the literature, as shown in Table 1.

On the other hand, Pérez-Acebo et al. [54] proposed a model for IRI evolution in flexible
pavements that included a qualitative variable that considered the surface layer material and
improved the IRI prediction. Following the concept applied by these authors, a new qualitative
variable is introduced in the model as possible factor, SURF, which indicates the bituminous
material in the surface layer. Available surface layer materials in Biscay in single carriageway
roads are presented in Table 11.

Table 11. Considered material categories for the variable SURF

Surface layer materials SURF

AC 16 surf S (Asphalt Concrete, gradation semi-dense, maximum aggregate diameter 16 mm)
AC 16 surf D (Asphalt Concrete, gradation dense, maximum aggregate diameter 16 mm)

AC 22 surf S (Asphalt Concrete, gradation semi-dense, maximum aggregate diameter 22 mm)

1
2
3
AC 22 surf D (Asphalt Concrete, gradation dense, maximum aggregate diameter 22 mm) 4
BBTM 11A (Discontinuous mix, A type, maximum aggregate size 11 mm) 5

6

PA 11 (Porous Asphalt, maximum aggregate size 11 mm)

Introducing the new qualitative variable, new GLMs were tested with different combinations of
SURF and previous factors. The obtained best model has the form of Equation (7) and has a
determination coefficient of 0.645 (R’ = 0.645).

IRI= Int+ LnR.Age+ TotVeh* TotBit+ TotH Veh+ BASE* Bthick+ SURF @)



As observed, Equation (7) has the same variables or combination of variables as Equation (6)
with the addition of the new qualitative variable, SURF.

Regarding the model of Equation (7), the test of Between-Subject effects of the model is displayed
in Table 12. All the variables had significance over 94.7 % (p-values < 0.053. The estimation of
the parameters, i.e. the coefficients of the variables of the model of Equation (7) is presented in
Table 13. Figure 4(a) and 4(b) show the diagrams of dispersion by level. Points in both plots are
not horizontally aligned, implying that there are not homogeneous variances between the levels
(categories) of the qualitative variables.

Table 12. Test of Between-Subjects effects for the model of Equation (7).

Origin 1;}:1]:3 I)IfI De(%; * Sl\(/]I:::'le F Sig. Pz:ztll-al cen]jl(‘);ity nga‘ev:d
Squares freedom squared parameter
Corrected model 13.776 15 0918 7.883 <0.001 0.645 118.242 1.000
Intercept 1.666 1 1.666 14300  <0.001 0.180 14.300 0.961
LnR.Age 0.456 1 0.456 3.913 0.052 0.057 3.913 0.496
TotH.Veh 0.518 1 0.518 4.444 0.039 0.064 4.444 0.547
TotVeh * TotBit 0.613 1 0.613 5.262 0.025 0.075 5.262 0.618
BASE*Bthick 3.025 7 0.432 3.709 0.002 0.285 25.961 0.963
SURF 1.635 4 0.409 3.508 0.012 0.178 14.031 0.838
Error 7.573 65 0.117
Total 386.440 81
Corrected total 21.350 80
Table 13. Parameter estimates for model of Equation (7)
o
Parameters B Std. Error t Sig. e Partial eta- cenl\tll('):lity Observed
Lower Upper squared parameter Power
Intercept 1.397 0.598 2.336 0.023 0.202 2.591 0.077 2.336 0.634
LnR.Age 0.184 0.093 1.978 0.052 -0.002 0.371 0.057 1.978 0.496
TotH.Veh 1.88*%10*  8.916*10° 2.108 0.039  9.89%10°  3.36*10* 0.064 2.108 0.547
TotVeh * TotBit -7.72%107  3.366*107 -2.294 0.025  -1.44*10° -9.98*10° 0.075 2.294 0.618
[BASE = 12]*Bthick -0.011 0.014 -0.788 0.434 -0.038 0.016 0.009 0.788 0.121
[BASE = 13]*Bthick -0.024 0.016 -1.494 0.140 -0.055 0.008 0.033 1.464 0.313
[BASE = 14]*Bthick 0.002 0.015 0.155 0.877 -0.027 0.032 0.00037 0.155 0.053
[BASE = 23]*Bthick -0.017 0.019 -0.936 0.353 -0.055 0.020 0.013 0.936 0.152
[BASE = 25]*Bthick -0.028 0.023 -1.233 0.222 -0.074 0.018 0.023 1.233 0.229
[BASE = 26]*Bthick -0.018 0.015 -1.272 0.208 -0.047 0.011 0.024 1.272 0.241
[BASE = 27]*Bthick 0.041 0.020 2.028 0.047 0.001 0.082 0.060 2.028 0.515
[BASE = 28]*Bthick -0.036 0.027 -1.357 0.180 -0.089 0.017 0.028 1.357 0.267
[SURF =1] 0.792 0.238 3.326 0.001 0.316 1.268 0.145 3.326 0.906
[SURF =2] o' - - - - - -
[SURF = 3] 0.590 0.359 1.642 0.105 -0.127 1.307 -0.040 1.642 0.366
[SURF =4] 0.562 0.299 1.882 0.064 -0.034 1.159 0.052 1.882 0.458
[SURF =5] 0.621 0.271 2.287 0.025 0.079 1.163 0.074 2.287 0.615
[SURF = 6] o' -

1 Set to zero because this parameter is redundant
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Figure 4. Scatter plots by level for Equation (7), a) Standard deviation, b) Variance

In Figure 5, in the plot Predicted values vs. Standardized residuals, it can be seen that there is no
pattern, and, hence, the errors are independent. In this plot it can be observed that the dispersion
is similar along all the predicted values, implying that the residual variances are homogeneous.
Figure 6 shows a more detailed plot of Observed values vs. Predicted values for Equation (7).



Dependent variable: IRI

o o
o o (o]
3 0q &8 oo
2 ) )
z o o
o o o
00 0]
O° oO
&_oo0 O

o R
- o) o
I gk o
5
£

o
%

F o
2 o
= o
w0
£ ]
B o o)
.‘.; (o]

X
2 ?

Observed Predicted Standard residual
Model: Intercept + LnR.Age + TotVeh * TotBit + TotH. Veh + BASE * Bthick + SURF

Figure 5. Plot of residuals (standardized), observed and predicted values of model of Equation

(7).
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Figure 6. Observed values vs. Predicted values for Equation (7).



IRI values obtained with some of the models listed in Table 1, those that were applicable, were
calculated to compare the determination coefficient (R?) of the deterioration models for flexible
pavements when they are applied to semi-rigid pavements. Models with variables that are
available in the PMS of the RGB were selected and, specifically, models proposed by George
[42], Nassiri et al. [43], Dalla Rosa et al. [44], and Pérez-Acebo et al. [54] were tested. If the
values of some variables were not available in the PMS, the average values of those variables
from the data to develop the proposed models were introduced. For age, the value of the real age
(R.Age), as calculated in this article, was introduced. Obtained determination coefficients (R?)
for each model were: George [42]: 0.091; Nassiri et al. [43]: 0.036; Dalla Rosa et al. [44]: 0.009;
and Pérez-Acebo et al. [54]: 0.063 for the first model and 0.089 for the second model, which
includes the surface layer material as a qualitative variable. As observed, the determination
coefficients are very low (below 0.10 in all the cases) and, hence, models for flexible pavements
should not be employed for semi-rigid pavements.

6. Summary of the proposed models

Two models are proposed for predicting the IRI progression in semi-rigid pavements. The first
one has a determination coefficient (R?) of 0.569 and is expressed by Equation (8).

IRI=2.223+0.221* LnR.Age—1.162*107° * TotVeh* TotBit +
+1.87*%107* * TotH Veh+ BASE * Bthick (8)

Where
e [RI is the predicted mean IRI value (m/km) for a homogenous segment.

e R Ageisthe real age of the pavement, calculated from the exact date of opening to traffic
until the moment of prediction, in decimal fraction, where 0.5 equals six months.

e TotBit is the total thickness of the bituminous layers in the semi-rigid pavements (cm).

e TotVeh is the accumulated vehicles that circulated through the section, in both
directions, since it was opened to traffic to the moment of prediction, (thousands of
vehicles).

o TotH.Veh is the accumulated number of heavy vehicles that crossed the section, since it
was opened to traffic until the moment of prediction, in the design lane, i.e. the lane
with a higher quantity of heavy vehicles in the section (thousands of heavy vehicles).
Generally, both directions are expected to have identical heavy traffic, half of the total.

e Bthick is the thickness of the treated base layer (cm) which refers to the main treated
layer, the one just below the bituminous layers.

e BASE is the coefficient that considers the combinations of materials to create a semi-
rigid pavement, taking into account the materials in the base and, if existing, in the
subbase layer, and takes the values presented in Table 14.

Table 14. Values of the coefficient BASE in Equation (8).



Bthick Considered

- . . Material in . . Values
Material in base layer (Thlckne.ss inbase e layer thickness in subbase for BASE
layer, in cm). layer (cm)
Gravel cement (Cement-
treated base material) 22,25,29, 30,33 ) ) -0.015
Gravel cement (Cement- .
treated base material) 22 Soil-cement 22 -0.035
Gravel cement (Cement-
treated base material) 20 Crushed stone 20 -0.015
Soil-cement 25,33 -0.029
Gravel and slag 22,24, 25, 28, 30, 45 - - -0.005
Gravel and slag 20, 25, 30 Crushed stone 20 -0.023
Gravel and slag 25 Crushed stone 25 -0.007
Gravel and slag 20 Crushed stone 30 -0.028

A second model that includes the bituminous material of the surface layer is also presented, in
Equation (9), with a determination coefficient (R?) of 0.645:

IRI=1.397+0.184* LnR.Age—7.72*107" * TotVeh* TotBit +
+1.88*107" * TotH Veh+ BASE* Bthick+ SURF )

Where:
e R.Age, TotBit, TotVeh, TotH.Veh, and Bthick are defined as for Equation (6)

e BASE has the same definition as that for Equation (8), but for Equation (9) it takes the
values of Table 15.

Table 15. Values for the variable BASE in Equation (9)

Bthick - . . . Values
Material in base laver Thick inb Material in Considered thickness in for
y (Thic ne§s In base subbase layer subbase layer (cm)

layer, in cm). BASE

Gravel cement (Cement-treated 22.25.29,30,33 ) ) -0.011
base material)

Gravel cement (Cerpent—treated 2 Soil-cement 2 -0.028
base material)

Gravel cement (Cerpent-treated 20 Crushed stone 20 20.017
base material)

Soil-cement 25,33 -0.024

Gravel and slag 22,24,25,28, 30,45 - - -0.002

Gravel and slag 20, 25, 30 Crushed stone 20 -0.018

Gravel and slag 25 Crushed stone 25 0.041

Gravel and slag 20 Crushed stone 30 -0.036

e SUREF is a variable that takes into consideration the bituminous material of the surface
layer and has the values of Table 16.



Table 16. Values for the variable SURF in Equation (9)

Surface layer materials SURF
AC 16 surf S (Asphalt Concrete, gradation semi-dense, maximum aggregate diameter 16 mm) 0.792
AC 16 surf D (Asphalt Concrete, gradation dense, maximum aggregate diameter 16 mm) 0
AC 22 surf S (Asphalt Concrete, gradation semi-dense, maximum aggregate diameter 22 mm) 0.590
AC 22 surf D (Asphalt Concrete, gradation dense, maximum aggregate diameter 22 mm) 0.562
BBTM 11A (Discontinuous mixing, A type, maximum aggregate size 11 mm) 0.621
PA 11 (Porous Asphalt, maximum aggregate size 11 mm) 0

7. Conclusions

The Regional Government of Biscay has developed its own pavement management database
including complete information about geometric characteristics of each road and segment, traffic
history, environmental data, and pavement condition data, such as, the roughness by means of the
International Roughness Index (IRI). The pavement structure information is recorded by means
of projects that were actually executed on the roads of the network. Although the information can
be incomplete, it is real, reliable and was verified. With this great amount of data, deterministic
models to predict the IRI evolution in semi-rigid pavements in single carriageway roads (two-
lane highways) were developed. Due to the importance of the pavement structure, only segments
with a completely known structure were analyzed. Some conclusions were obtained.

Deterministic models are preferable when large amount of data are available because the
contribution of each factor can be observed. Factors that accelerate the deterioration are the age
and the traffic. Age, an essential factor in the majority of deterioration models, is preferred to be
as exact as possible, even introducing the exact date of the opening to traffic and computing the
years in decimal form. Traffic has been widely identified as the main factor contributing to the
deterioration, especially the heavy traffic. In developed models, both heavy traffic and light traffic
(by means of the total traffic) were verified as affecting factors.

Conversely, factors contributing to postpone the failure of the semi-rigid pavements were
identified too. Since the values of the Structural Number cannot be calculated with existing data,
a new variable that considered the thickness of materials in each layer of semi-rigid pavement
and their Young modulus was proposed. However, it was rejected because it was not statistically
significant. It seems that the Young modulus is not the correct feature to include in the model.
However, a qualitative variable that reflects each of the possibilities for semi-rigid pavements in
Biscay was introduced, and with the thickness of the base layer, it was identified as a factor
reducing IRI progression. The examination of possible treated base and subbase materials
included soil-cement, gravel-cement, and gravel and slag; as the unique base material or above a
subbase with unbound material. Additionally, the total thickness of the bituminous layers also
contributes to postpone the degradation. With these variables, a model that achieves a
determination coefficient (R?) of 0.569 was obtained. Finally, the contribution of the bituminous
material in the surface layer was examined with these possible materials: asphalt concrete, with
dense (D) and semi-dense (S) gradation with maximum aggregate diameter of 16 and 22 mm,
discontinuous mixing (BBTM 11A) and porous asphalt (PA 11). Introducing an additional
qualitative variable in the model resulted in a better determination coefficient (R* = 0.645). It
reflects that each material affects IRI evolution in a different way and this can be a consequence
of the employed aggregate gradation, the maximum aggregate size, and the asphalt binders
(modified or not). The comparison with models developed for flexible pavements shows that they
should not be applied to semi-rigid pavements and specific models for pavements with treated
bases must be developed.

Consequently, these models can be used for predicting IRI evolution in semi-rigid pavements in
Biscay with reasonably accuracy. They use fewer variables than other models and need
information that can be easily available for any highway administrations.
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