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Application of an Artificial Neural Network in Pavement Management System

Josipa DOMITROVIC, Hrvoje DRAGOVAN, Tatjana RUKAVINA, Sanja DIMTER

Abstract: The era of intensive construction of new roads in Croatia is behind us. Today road agencies are focused on maintaining and preserving existing roads. Selection
of an appropriate maintenance strategy is a complex task, which includes factors such as the current condition of the pavement, road classification, traffic volume etc. These
factors are usually implemented in pavement management systems. The key components of pavement management systems are pavement performance prediction models
such as artificial neural networks. This paper analyses the possibility of using artificial neural networks to evaluate existing pavement condition, and its possible application
for defining the maintenance strategy of national roads. A backpropagation neural network was applied on 481.3 km of national roads in the Osijek-Baranja County. The
obtained results indicated that artificial neural networks could be used for optimization of maintenance or rehabilitation strategies, and for the assessment of pavement

condition at the project and network level.

Keywords: artificial neural network; backpropagation algorithm; pavement maintenance; pavement management system

1 INTRODUCTION

Every pavement, no matter how well designed and/or
constructed, will deteriorate over time [1]. Pavement
deterioration is influenced by the traffic load, climate
conditions, quality of construction, layer thicknesses and
the quality of previous maintenance and rehabilitation
activities. The rate of deterioration as a function of above
mentioned factors and time is not linear. Normally, during
the first 50-75% of designed life, pavement condition
remains good and the deterioration processes are
progressing slowly. Once pavement condition begins to
decrease deterioration processes are progressive and rapid
[2, 3]. Appropriate maintenance or rehabilitation activities,
if applied in timely manner, can slow down or reset
pavement degradation processes.

Over the past twenty years, it has been observed that
the existing, classical experience in road maintenance is
insufficient, and that new methods of data collection and
processing are being introduced into pavement
management [4]. Through the accelerated development of
information technology and artificial intelligence,
unlimited  opportunities are opening for their
implementation in pavement engineering.

An artificial neural network is a form of artificial
intelligence that might be applied for solving nonlinear
engineering problems like prediction and estimation,
pattern recognition and optimization [5, 6]. One such
problem is selection of pavement maintenance strategy that
is essentially based on human expertise and knowledge.
Alsugair and Al-Qudarh [7] cited four reasons that justify
the use of neural networks in pavement management
systems and these are: 1) selection of appropriate strategy
is not based on algorithmic procedures and mathematical
formulas; 2) road conditions are numerically represented
by densities and severity level of each distress type; 3) road
condition for selection of appropriate strategy is not strictly
defined; and 4) selection of strategy is not justified only on
the basis of statistical data.

In this paper a short state of the art in the area of
application of artificial neural network in pavement
engineering is given, followed by basic description of
backpropagation ANN as most commonly applied network
in this area. Paper further analyses the possibilities of using

artificial neural networks to evaluate existing pavement
condition and to select the optimal pavement maintenance
strategy on data collected from national road network in
Croatia.

2 STATE OF THE ART

Artificial neural networks (ANN) in pavement
management systems (PMS) can be used for estimating
current and predicting future pavement condition as well as
for assessing maintenance needs and selecting
maintenance strategies [4]. Several studies dealing with
application of ANN for various tasks in the frame of PMS
are summarized in this section.

Possibility of using ANN as a tool for screening and
condition rating of pavement was studied by Eldin and
Senouci [8]. They developed neural network system for the
determination of flexible pavements condition rating based
on cracking and rutting indices. Conducted study shows
that neural networks are capable of accurately determining
pavement condition rating in a systematic and objective
manner. Van der Gryp et al. [9] evaluate the capabilities of
neural networks in determining the visual condition index
(VCI) of flexible pavements, using distress data collected
through visual assessments. Research was conducted on
feed-forward artificial neural network with one hidden
layer. Obtained results indicate that application of ANN is
a feasible method for determining VCI and its main
advantage lies in objectivity.

Positive results on ANN application for evaluation of
present pavement performance have encouraged
researchers in the application of neural networks for
prediction tasks. A large number of researchers deal with
developing pavement distress prediction models. These
models are aimed at predicting progression of single
distress (e.g. cracks, roughness, rutting) or combination of
various distresses through pavement performance
indicator.

Thube [10] in his study suggested four unified ANN
models to predict the progression of different pavement
distresses (cracking, raveling, rut depth and roughness) on
low volume roads. Obtained results indicate high
correlation between observed and ANN predicted
distresses. The results showed that suggested ANN models
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would be useful in the accurate prediction of investigated
distresses.

Yang et al. [11] developed three individual ANN
models for prediction of three key indices, crack rating,
ride rating, and rut rating used by Florida Department of
Transportation for pavement evaluation purposes. Results
of the combination of the individual models suggest that
the developed ANN models have the capability to
satisfactorily forecast the overall pavement condition index
up to a future period of five years.

Huang and Moore [12] studied roughness level
probability prediction using multiple linear regression and
two ANN. Obtained results indicate that ANNs have a
superior ability to predict the probability of roughness
distress level compared with multiple regression methods.
Lin et al. [13] constructed back-propagation ANN for
prediction of International Roughness Index (IRI) based on
distress rating results obtained from pavement video
images. Results of conducted study showed high
correlation between IRI and the distress variables, which
lead to a conclusion that IRI may completely reflect
pavement distress conditions. Correlating the pavement
roughness to other performance measures was studied by
Mazari and Rodriguez [14]. They proposed methodology
which included the application of a hybrid technique which
combines the gene expression programming (GEP) and
artificial neural network (ANN). The developed algorithm
showed good results for prediction of IRI using traffic
parameters and structural properties of pavement.

The use of ANN for screening and recommending road
sections for pavement preservation program was evaluated
by Flintsch et al. [15]. Based on the research it was
concluded that ANN reduces the level of effort required to
identify sections for the pavement preservation program
and reduces subjectivity and it was recommended to
evaluate the possibility of using ANN for selection of
preservation treatments. Abdelrahim and George [16]
evaluate the use of ANN to predict the optimum
maintenance strategy on the basis of realistic (noisy) data.
They concluded that ANN provides an efficient and
optimum solution with the added advantage of fast
implementation and easy updating. Positive experience of
ANN application in pavement management decision
support system to recommend appropriate maintenance
and rehabilitation actions was reported by Alsugair and Al-
Qudarh [7].

Mosa [17] proposed a system based on neural network
technique to diagnose the pavement distresses and to
optimize the solutions for recommendation of maintenance
method and materials. The developed system provided
optimum solution considering technical, economical, and
environmental factors.

Gebely [18], in his master thesis, developed two ANN-
based maintenance decision models. Results of this study
reveal that ANN is appropriate for implementation in
recommending current and future flexible pavement
maintenance decision.

Based on conducted literature review it can be
concluded that ANN have the potential to investigate and
properly model complex, non-linear pavement engineering
problems. Most of the reviewed studies employed
backpropagation ANN and since this type of network was

used in a study presented in the paper, its basic principles
are described in the following section.

3 BACKPROPAGATION ARTIFICIAL NEURAL NETWORK

Backpropagation artificial neural networks are one of
the most commonly used networks. They are very powerful
and versatile networks that can be learned to copy from one
data space to another using a representative set of examples
[19].

The structure of a backpropagation neural network
consists of two external layers (input and output) and one
or more hidden layers (Fig. 1). The network receives data
by neurons in the input layer. The result of the network is
given by neurons in the output layer [20]. The hidden
layers examine the interdependencies in the model and
process the information.

Output
laver

Hidden
laver(s)

Ssvd QUwAIOYE |

FORWARD PASS

Input
layer

2 Txr

Figure 1 Architecture of backpropagation ANN

The neural network is defined through two phases, the
learning or training phase and the testing phase. Prior to
learning, it is necessary to define the input and output
variables and to collect data to which the backpropagation
algorithm will be applied [21].

The backpropagation algorithm uses supervised
learning, which means that we provide the network with
examples of inputs and outputs [22, 23]. During the
training phase, information is transferred in a forward and
backward pass. In the forward pass random weights are
assigned to input values and propagated forward through
the network to calculate the output. In the backward pass
the calculated output is compared with the desired output
and the difference, i.e. the error, is computed. During the
backward pass, weights are modified to reduce the error.
The scaling of local error and the increase or decrease of
the weight is calculated for each layer, beginning with the
layer directly under the output layer, back to the first
hidden layer. The described learning process is repeated in
multiple iterations. Learning is stopped when the error
reaches a previously specified minimum value [24].

In the testing phase, the weights are fixed according to
the values obtained in the learning phase. New input data
that have not participated in the learning process are
presented to the network. The output from the network is
compared with the desired output and the error is
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calculated. Depending on the size of the calculated error,
an assessment is made of the possible application of the
ANN.

4 PREPARATION OF THE DATABASE

Before the application of an ANN it was necessary to
collect and sort the data on which network would conduct
learning and training.

Measurements of various types of pavement technical
parameters (longitudinal evenness, rut depth, texture depth,

4.1 Initial Calculation Database (ICD)

The initial calculation database (ICD) is designed as a
block database from which the mean value of an individual
measurement parameter for each road segment is
calculated from the input data.

Input data consisted of several pavement technical
parameters (TP), i.e. International Roughness Index (/R/)
as a measure of pavement longitudinal evenness, rut depth
(RD) for defining pavement transversal evenness, texture
depth expressed by Mean Profile Depth (MPD) for
characterization of surface texture roughness, and cracks
(CR) and patches (SD) expressed by percentage of affected
surface area as a measure of pavement surface damage.

Individual mean values of technical parameters were
converted into a non-dimensional performance indicator
(PI) through selected transformation function for national
roads that are shown in Tab. 1. Calculations of individual,
combined and general performance indicators were done
according to COST Action 354 Guidelines [25] and
Internal Guidelines of Croatian Roads [26].

COST Action 354 Guidelines [25] were developed at
European level to define unique approach for pavement
condition evaluation. Performance indicators are defined

surface cracks and patches) were conducted on national
roads in the Osijek - Baranja County with a total length of
481.3 km, which represents 7% of the national road
network in Croatia (Fig. 2).The collected data were divided
into segments of 1 km length, forming a road database with
a total of 471 samples. Road database is divided in three
mutually connected bases: initial calculation database
(ICD), strategy determination database (SDD) and neural
network initial database (NNID).
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as a superior term of a technical road pavement
characteristic, which can classify its condition [25, 27].
Guidelines define the procedure for calculation of
pavement performance indicators that could be applied in
different ways, depending on the type of measurements
available and the analysis approach already in place in a
given road authority. COST Action 354 Guidelines [25]
with some adjustments are implemented into Internal
Guidelines of Croatian Roads [26] and Management
System of Croatian Motorways [28]. Calculation of
combined and general performance indicators for Croatian
national roads as suggested by Dragovan [29] is described
below.

Table1 Selected transformation functions [29]

TP Pl Transformation function
IRI (mm/m) PI E 0.1733 x IR+ 0.7142 x IRI — 0.0316
RD (mm) PI R —0.0015 x RD?> + 0.2291 x RD
MPD (mm) PI T 6.6 — 5.3 x MPD
CR (%/m?) PI CR 0.1333 x CR
SD (%/m?) PI SD 0.1333 x SD

Calculation of the values of the global performance
index (GPI) is made in several steps. Groups of individual
performance indicators corrected by weight create a
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combined non-dimensional performance indicator (CPI)
for the safety, comfort, and structural condition of the
pavement. To calculate the CPI, the general expression is
used:

CPI:min(S; Il+%x,u(lz,l3, ...,In)j, (1)

where [, is a weighted P/ that represents the influence of
PI, in the CPI, p is the influence factor that controls the
total influence of the weighted performance indices for this
study the value 20% is adopted, /; is the maximum
weighted Pl and u(l, I, ..., I,) is the average value of the
remaining weighted P/. Adopted weights of performance
indicators for calculation of CPI in this study were taken
from [29] and are given in Tab. 2.

Table2 Weights for the calculation of CPI [29]

Performance Weights
Indicator CPIcumforl CPIaafclv CPIalruclum]
PI E 1 0 0.6
PI R 0.7 1 0.5
PL T 0.4 0.67 0
PI CR 0.5 0 1
PI SD 0.6 0.67 0

The CPIs corrected by the factor of the weight are
joined in a non- dimensional global performance index
(GPI) which represents an estimate of the condition of the
pavements individual segments. The following equation
was used to calculate the GPI:

L+1
GPI =min| 5; 1, + L x2253 | ?)
100 2

where 1 (11 = 1 X CPlarey) is a weighted safety CPI that
represents the maximum influence on the GPI, I, (I =0.7
X CPleomfort) and I (I3 = 0.8 x CPlyycrure) are weighted CP/
of remaining CPI, p is the influence factor that controls the
total influence of the weighted CPI for this calculation the
value 20% is adopted. Weights and influence factor of CP/
for calculation of GP/ in this study were adopted from [29].

The condition of the pavement is determined based on
the adopted criteria shown in Tab. 3 and the global
performance index.

Table 3 Criteria for estimating pavement condition [25]

. Pavement condition rating

Technical very good — very poor

parameter 1 5 3 2 3
IRI (m/km) 0-1,1 1,1-1,9 1,9-2,6 | 2,6-32 | 32-37
Rut depth 0-45 | 4593 | 93-14,5 |14.5-20,1|20,1-26,4
(mm)
MPD (mm) | 1,25-1,06 | 1,06-0,87 | 0,87-0,68 | 0,68-0,49 | 0,49-0,30
Cracks
(%/m?) 0-1 1-10 10-30 30-50 >50
Patches
(%/m?) 0-1 1-10 10-30 30-50 > 50

An output result of the initial calculation database is
the global performance index, which is entered into the
neural network as one of the output data.

4.2 Strategy Determination Database (SDD)

The database for determining a strategy for
maintaining a pavement contains within itself the
implemented initial calculation database in a way that
decisions on the selection of individual maintenance
strategies depend on an evaluation of the pavement
condition according to adopted criteria (Tab. 3, Tab. 4).

The maintenance strategy (MS) defines the type of
pavement repair with the goal of increasing its load-bearing
capacity, safety and comfort of driving.

Table4 Criteria for determining a maintenance strategy [29]

Selected | Rating of input technical parameters (as defined in /CD)
MS IRI Rutting MPD Cracks Patches
MS 1 1&2 1 1&2 1 1
MS 2 3 2 3 2 2&3
MS 3 4 3&4 4 3&4 4
MS 4 5 5 5 5 5

The following strategies have been defined and
adopted for this study:

MS 1 — Routine maintenance of the pavement asphalt
wearing course.

MS 2 — Improvement of the pavement surface by
laying a new, thin asphalt wearing course of an appropriate
depth.

MS 3 — Repair of cracks and correction of the
longitudinal and transverse evenness by strengthening the
existing pavement with new asphalt layer(s) of an
appropriate depth.

MS 4 — Pavement rehabilitation, replacement of the
existing pavement will be done with one of the following
procedures: cold recycling, complete removal of the
existing pavement, or strengthening of the pavement with
the sandwich system.

4.3 Neural Network Initial Database (NNID)

The database for entry in the neural network is
comprised of a set of input data and a set of output data.
The input data are the measured values of the technical
parameters (/RI, rut depth, texture depth, surface cracks
and patches) shown as their mean value for an individual
pavement segment. The results calculated global
performance index (GPI) and the selected maintenance
strategy represent the output results of this database. The
intention of this database is the preparation and sorting of
data in a format suitable for entering it into the neural
network.

The database for entry into the neural network is
reduced by a randomly selected sample of 10% that is used
to calculate the output results in the evaluation phase, and
the neural network is presented with a total of 421 samples.

5 APPLICATION OF ANN

For the purpose of this study, a neural network with a
backpropagation algorithm and different activation
functions was applied in the software package NeuroShell
2.0.

The data from the reduced neural network database
were divided into two groups: a series of data in which the
neural network conducts learning on 80% of the randomly
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selected data, while the remaining 20% form the control
group on which testing of the network is performed.

The configuration of the selected neural network is
shown in Fig. 3.

The inputs and outputs of the neural network are
connected by two hidden layers. The input layer (slab 1)
contains five neurons, each of which represents one input
parameter. In the first hidden layer, there are two elements
(slab 2 and slab 3) with eight neurons each, while the
second hidden layer contains slab 4, which also has eight
neurons. The output layer (slab 5) contains two neurons,
which corresponds to the number of output data.

INPUT LAYER
SLAB 1

¥ '

HIDDEN LAYER 1 HIDDEN LAYER 1
SLAB 2 SLAB 3

HIDDEN LAYER 2
SLAB 4

|

OUTPUT LAYER
> siaps 2

Figure 3 Schematic overview of the applied ANN

Neurons of the input layer are connected to each of
the total 24 neurons in both hidden layers, and all neurons
of the hidden layers are connected to neurons of the output
layer.

The function applied to inputs to form the input
activation level is a linear function. The function that
results in the transfer of processed data for slabs 2 and 4 is
a Gaussian function; for slab 3 it is the hyperbolic tangent
function, while for the output layer it is logistic function.

5.1 Learning Phase

In the first iteration of the learning phase the initial
weight 0.3 was assigned to all input data. By applying a
backpropagation algorithm with a learning rate 0.1 and
momentum 0.1, the weights are adjusted until the
difference between output of the neural network and the
desired output reached a minimum value [29].

The weights adopted at the end of the learning phase
are shown in Tab. 5.

Table 5 Weights adopted by ANN

Adopted Technical parameter

weights IRI | Rut depth | Texture depth | Cracks | Patches
GPI 0.19 0.29 0.12 0.18 0.20
MS 0.35 0.20 0.09 0.18 0.15

In determining the global performance index of the
network, the greatest weighting factor is given to the rut
depth (0.29), which is in accordance with Cost Action 354
Guidelines [25], according to which the evaluation of
pavement condition to a great extent can be shown by rut
depth.

According to the network’s understanding, the main
factor for selecting the maintenance strategy is the value of
IRI and it is given the greatest weighting factor (0.35),
while texture depth has the least influence with a weighting
factor of 0.09.

5.2 Testing Phase

After the learning phase, the neural network was
subjected to testing. In testing phase, weights were fixed to
values adopted at the end of learning phase. New set of
input and output data was presented to the network.
Network output results were compared with desired output
and statistically analyzed. The results of statistical analysis
of output data are shown in Tab. 6.

Based on the results, it is evident that there is a high
coefficient of correlation between the results obtained in
the calculation of the neural network and the desired
outputs. The percentage of data that the neural network has
calculated within an accuracy of 5% (79.42% for
calculating the maintenance strategy and 89.62% for
calculating the global performance index) is satisfactory
for the problem under consideration [29].

Table 6 Results of statistical analysis in testing phase

Statistical Comparison | Global Performance Pe_wement
Criteria Index (GPI) Maintenance
Strategy (MS)
Coefficient of 0.9678 0.9547
determination
Mean square error 0.031 0.023
Mean absolute error 0.066 0.099
Coefficient of correlation 0.9851 0.9796
Data accuracy within 5% 89.623 79.245

Based on the obtained results, the neural network was
accepted for solving the problem of determining the
general performance index and selecting the optimal
maintenance strategy.

6 EVALUATION OF ANN

A new set of data, the remaining 10% of the previously
selected samples (47 samples) were presented to neural
network defined in the previous section. In this step only
the input data of the mean values of the technical
parameters (/RI, rut depth, texture depth, cracks and
patches) were processed. In this way, the network was
given the opportunity to determine the output data (global
performance index - GPI and maintenance strategy - MS)
on the basis of previous "experience".

Table 7 Results of statistical analyses for ANN evaluation

. . General Pavement
Statistical comparison .

criteria Performance maintenance

Indicator (GPI) strategy (MS)
Coefficient of determination 0.9944 0.8629
Coefficient of correlation 0.9972 0.9289
Maximum absolute error 0.262 1.032
Accuracy rate % 87.234 95.745

Fig. 4 and 5 show the relationship between the output
results calculated by the neural network and the desired
output results.

The results of the applied statistical criteria for
evaluating the selection of a pavement strategy and
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calculation of general performance index are shown in Tab.
7.

Rounding off the values of the global performance
index calculated by the neural network to the third decimal
and comparing them to the desired outputs it was
established that the neural network incorrectly calculated
the GPI values in six cases. Based on this comparison, it
can be stated that the neural network correctly predicted the

4,0

values of the global performance index of a pavement in
87% of the cases (Fig. 4).

Rounding off the values of the results of the
maintenance strategy into full numbers (from 1 to 4) and
comparing those results with the actually selected
maintenance strategy established that the neural network
erred in calculating the type of strategy in two examples.
In other words, the network will accurately determine the
maintenance strategy in 95% of the cases (Fig. 5).
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Figure 4 Comparison of GPI calculated by ANN and desired GPI
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Figure 5 Comparison of MS selected by ANN and desired MS

7 CONCLUSIONS

The primary tasks of the pavement management
system are pavement distress data collection, assessment of
pavement condition through an analysis of the collected
data, and selection of the optimal maintenance strategy.
This paper examines the possibilities of using artificial
neural networks to determine the global performance
indicator and selecting the appropriate pavement
maintenance strategy.

A neural network with a backpropagation algorithm
was selected as part of the software package NeuroShell
2.0. The neural network was applied to a group of data

obtained by measuring different pavement distresses on the
national road network in the Osijek-Baranja County.

Statistical analysis of the output results confirmed a
high coefficient of determination and correlation between
the actual data and the data assessed by the neural network.
In 95% of the cases, the neural network correctly
determined the maintenance strategy, while the percentage
of forecasting accurate values of the global performance
index was 87%.

From the above analysis, it can be concluded that the
proposed neural network is appropriate for the
classification of data on pavement condition to determine
the global performance index and optimal maintenance
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strategy. Its implementation in a pavement management
system would provide a high quality tool that will facilitate
decision-making in the selection of maintenance
procedures and the rehabilitation of pavement in individual
sections, sub-segments or segments of the national road
network in the Republic of Croatia.

The data base used in this study was yearly updated
with new data for measured technical parameters and
applied maintenance methods. Further research is intended
to examine possible application of neural network for
prediction of pavement condition during its remaining life-
time on the basis of data gathered in a five year period.
Further research is aimed at evaluating the possibility for
using neural network results for planning, estimating and
scheduling future pavement maintenance activities on
national road network.
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