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Abstract: This paper presents a new pavement management system (PMS) to achieve the
optimal pavement maintenance and rehabilitation (M&R) strategy for a highway network
using genetic algorithms (GAs). Optimal M&R strategy is a set of pavement activities that
both minimise the maintenance cost of a highway network and maximise the pavement
condition of the road sections on the network during a certain planning period. NSGA-II,
a multi-objective GA, is employed to perform pavement maintenance optimisation
because of its robust search capabilities and constraint handling method that deal with the
multi-objective and multi-constrained optimisation problems. In the proposed approach,
both deterministic and probabilistic pavement age gain models are utilised for evaluating
the evolution of pavement condition over time because of their simplicity of application.
The proposed PMS is applied to a case study network that consists of different kinds of
road sections. The results obtained indicate that the model is a valuable toolbox for
pavement engineers.

Keywords: Pavement management system, maintenance and rehabilitation strategy,
genetic algorithms, NSGA-I11, pavement age gain model.

1. Introduction

In the presence of aging and deteriorating highway networks and inadequate budgets, it is
of substantial importance for highways agency to preserve and enhance highway networks
in a cost-effective way. Consequently, pavement management systems (PMS) have been
developed to optimize maintenance decisions at both the network level and project level
in order to achieve pavement performance requirements considering the applicable
financial and technical constraints. Two main components are involved in a PMS: (1) the
pavement deterioration model used to predict pavement performance; and (2) the
technique used to determine the maintenance and rehabilitation (M&R) strategy for the
road sections on the highway network.

The pavement deterioration model incorporated in a PMS can be either deterministic or
probabilistic. Deterministic models utilise regression relationships to illustrate the
pavement degradation process, which express the pavement performance in detailed and
quantitative terms. Deterministic models are categorised into two main groups: the models
that deploy the various pavement surface distresses that characterise the pavement
condition, such as functional performance indices, i.e., Present Serviceability Index (PSI)
and Pavement Condition Index (PCI) [1, 2], and individual pavement distress indices, i.e.,
cracking and rutting; the rest are aggregate models, including the Highway Design and
Maintenance Standards model (HDM-III), the Highway Development and Management
model (HDM-4) and the Australian Road Research Board model (ARRB) [3-5]. The
mostly adopted PMS that are constructed based on deterministic techniques are the HDM-
11 model and the HDM-4 model, which are described in [6-8]. Probabilistic models
employ Markov models to forecast pavement performance [9], which recognise the
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stochastic nature of the pavement system with the consideration of uncertainty in
inspection and prediction of pavement condition. Existing probabilistic models describe
the pavement condition in qualitative, aggregate measures, e.g., excellent, good, fair and
bad. Examples of the PMS that follow the probabilistic approach are proposed in [10-12]

Typically, there are two main approaches applied in the evaluation of M&R strategy:
the prioritisation model [13-16] and the optimisation model [6-11]. Prioritisation is the
traditional way applied to the decision making, which is defined as the “bottom-up”
approach because the M&R treatments for each project are evaluated first and then they
are prioritized and conducted according to the needs and resources of the highways
agency [14]. The advantage of such a model is that it is easy to use and it can be
implemented quickly. However, it cannot yield an optimal M&R strategy because there is
no consideration of the influence of the whole M&R strategy on the pavement network
during the planning period [17]. Conversely, optimisation utilises the “top-down”
methodology, which is applied at the network level at first, and then extended to the
project level to make specific decisions for individual sections. It aims to find the optimal
M&R strategy for the pavement system according to its defined objectives, such as
maximizing the proportion of “good” pavements subject to budget constraints, and
minimizing the total life-cycle cost under the constraint of pavement quality. Also, it can
be solely applied to pavement system at the project level, such as the segment-linked
optimisation model [6], and both deterministic and probabilistic pavement performance
prediction models can be incorporated into the optimisation model [8, 10].

Genetic Algorithms (GAs) were proposed by John Holland at the University of
Michigan and applied as a computational technique in 1975 [18], which have been widely
applied to solve the optimization problems. GAs are developed based on the survival-of-
the-fittest concept of Darwinian evolution. Goldberg in [19] constructed the initial
framework for GAs, known as the binary-coded genetic algorithm (BGA), and exhibited
its robustness of optimization and search. The major barrier of the optimization problem is
that the solution space grows exponentially with the size of the problem, so the
conventional optimization approach can be inefficient while searching for the optimal
solution. GAs, which imitate the natural process of biological evolution, can be more
efficient than the conventional optimization methods and the probability of reaching the
optimal solution is increasing. During the last two decades GAs have been widely studied
and experimented, and significant contributions have been achieved within pavement
management engineering [6, 20-23]. GAs are attractive to pavement engineers because of
their robust search capabilities and ease of implementation. Furthermore, GAs are
applicable to solve multi-objective optimization problems. During the last few years
multi-objective genetic algorithms (MOGAS) were successfully applied to a large amount
of pavement maintenance scheduling problems [24-26]. Recently, many different MOGASs
have been proposed, among which the improved non-dominated sorting genetic algorithm
(NSGA-I1I) is recognized as one of the most advanced method for solving multi-objective
problems [27, 28].

This paper provides a new PMS that is developed by integrating the pavement age gain
model and NSGA-II, where the pavement age gain model is used to evaluate pavement
conditions over the planning period and NSGA-II is applied to perform maintenance
optimization. Another novel feature of the proposed PMS is that the probability
distribution is deployed to characterize the pavement remaining life and the age gains
resulted from maintenance actions, which makes the model more realistic. The normal
distribution is chosen in this study. As a consequence, both deterministic and probabilistic
pavement age gain models are utilized to evaluate pavement condition in this paper. One
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underlying assumption for the deterministic model is that the pavement condition after
maintenance cannot be better than the initial pavement condition; while using the
probabilistic model, it is possible that renewals enhance the initial pavement condition.

The objective of this paper is to provide an approach that uses NSGA-II in conjunction
with both deterministic and probabilistic pavement age gain models for optimising
pavement M&R strategy. The proposed approach is anticipated to preserve and enhance
the existing highway network in a more cost-effective way. The first section describes the
formulation of the deterministic pavement maintenance optimisation model and the
solution to this optimisation problem using NSGA-II. The second section presents the
application of the deterministic PMS to a simple case study network. The third and fourth
sections depict the derivation of the probabilistic optimisation model and its application to
the same network.

Notation

Cht maintenance cost for road section group n at year t

rpl, 1 remaining pavement life for road section group n at year T

L, total length of road sections that belong to group n

N number of road section groups

T planning horizon

d discount rate

rpl; (i) remaining pavement life for road section i at year t

m pavement condition of road section i at year t, i.e., 0,1,2 and 3, according
to Table 2

k maintenance action performed in road section i at year t

ag;;[m][k] age gain associated with the maintenance action performed on road section
i at year t, according to Table 2

pl(i) initial pavement life for road section i

B budget for year t, £7000

Oy (i, %) normalised parameter value of objective i for solution x

O(i,x) actual value of objective i for solution x

O(i, max) maximum parameter value of objective i for non-dominated solutions
O(i, min) minimum parameter value of objective i for non-dominated solutions

2. Deterministic Optimization Model

This paper presents a road section based optimisation model to determine the optimal
M&R strategy for a highway network in the planning period using NSGA-Il. The
proposed PMS aims to minimise the total agency cost and maximise the remaining
pavement life of a highway network over a given planning period. Road sections between
junctions are the decision making units to which maintenance actions are applied. This
model employs the age gain to indicate the improvement of road sections resulting from
M&R actions [24]. In addition, integer encoding is deployed to define various
maintenance action possibilities. This coding method reduces the length of the
chromosome compared to the more commonly used binary encoding of variables.
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2.1 Deterministic Pavement Age Gain Model

The deterministic pavement age gain model was firstly proposed by Abaza and Ashur
[24], which uses the expected age gain associated with the M&R actions as the pavement
improvement indicator. In this paper, five maintenance actions are considered, do nothing
(0), patching (1), surface dressing (2), resurfacing (3) and overlay (4). The maintenance
cost and duration associated with each maintenance action is shown in Table 1 [29].

Table 1: Maintenance Duration and Cost for Each Type of Maintenance Action

M&R type Single Carriageway (S2)  Dual 2 Lane carriageway Dual 3 Lane motorway
(D2AP) (D3M)
Duration | Cost Duration Cost Duration Cost
(days) (£7000s) (days) (£7000s) (days) (£7000s)
Do nothing (0) | O 0 0 0 0 0
Patching (1) 2 50 3 100 4 140
Surface 4 70 5 140 6 170
dressing (2)
Resurfacing (3) | 8 200 14 550 20 900
Overlay (4) 16 320 23 820 33 1350

Note, that costs and days are for 1km of road, that is, both carriageways.

Instead of using pavement condition rating index (PCR) [24], the remaining pavement
life for each road section is classified to indicate the pavement condition, so that the
consistency with the pavement improvement indicator can be ensured, as shown in Table
2. The age gain is characterised by the pavement condition of the road section, given in
Table 2 [29]:

Table 2: Expected Ages Associated with Pavement Maintenance Actions versus Remaining
Pavement Life

Expected Age Gain (years)
Remaining Pavement Life (years) | Pavement Condition | (0) | (1) | (2) | (3) | (4)
>6 0 0 2 5 7 10
(4,6] 1 0 2 3 7 10
(2,4] 2 0 1 3 6 9
0,2] 3 0 0 1 6 9

2.2 Classification of Road Sections

When each road section is deployed as the decision making unit, the optimisation of the
M&R strategy becomes computationally inefficient for a highway network that is
composed of a large amount of sections, which is the case of most highway networks [6,
8, 11]. To deal with this problem, the proposed formulation of the maintenance
optimisation problem groups road sections on a highway network according to similar
properties, such as road classes, traffic categories, and climatic regions, which govern the
pavement performance. By this means, all individuals from the same group are assumed
to have the same performance characteristics and should be studied in a similar manner. In
this paper, climatic conditions are not considered, as the road sections on a relatively
small-sized highway network belong to the same climatic region. The classification of
road sections is illustrated in Table 3 [29].

It can be seen that 8 types of road sections are investigated in this study, including 2
types for Single carriageway (S2), 3 types for Dual 2-lane all-purpose carriageway
(D2AP) and 3 types for Dual 3-lane motorway (D3M). Moreover, the initial pavement life
for each type is also provided in Table 3.
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Table 3: Road Section Types

Road section | Road class | Traffic flow (000s) | Initial/Maximum pavement life (years)
group
1 S2 5-15 10
2 S2 15-20 8
3 D2AP 10-20 10
4 D2AP 20-30 9
5 D2AP 30-40 8
6 D3M 20-30 11
7 D3M 30-40 10
8 D3M 40-80 9

Note, that flows are opening year Annual Average Daily Traffic (AADT).
2.3 Model Formulation

As stated above, the two objectives of the PMS, presented in this paper, are to minimize
the pavement maintenance cost and maximize the remaining pavement life of all the road
sections on the network, which are formulated as follows:

: 1
Min ——Cht, n=L.N;t=1..T (1)
nz_;;(ud)t
N
Max > rply 7 Ly, n=1..N;it=1..T 2)
n=1

The discount rate is used to transform costs and benefits arising in different years to
their present value. A discount rate of 0.035 is adopted in this paper [30].

The evolution of the remaining pavement life for road section i at year t is evaluated
as:

rply (i) = rpl_1 (i) + agy ; [m][k] - 1 (3)

If rpl, (i) > pl(i), then rpl, (i) = pl(i) (3)

Equation (3% indicates that the pavement condition of road section after maintenance
cannot be better than the initial condition. The constraints of the model are stated below:

rply (i) > Pl “)
N
z ! : Cht <B; ()
o1 @+d) '

The first constraint is that the remaining pavement life for each road section group n
cannot be smaller than the minimum remaining pavement life. The second constraint is
the budget constraint, where the maintenance cost on the whole network at year t cannot
exceed the available budget. Further constraints can be included, for example, the number
of major M&R actions for the whole network/individual road sections per year cannot
exceed a set threshold.

2.4 Method for Model Solution

The aim of a multi-objective optimisation problem is to achieve a vector of decision
variables which optimizes the involved objective functions and satisfies the constraints.
Typically, the approach to solve this model is to develop Pareto optimal solutions in terms
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of the involved objectives, and then to identify the corresponding Pareto frontier. Finally,
the acceptable solution is selected according to the decision criteria. As multi-objective
genetic algorithms in this case, also known as MOGAs, are easy to implement, are robust,
and require less knowledge about the problem being solved, they are more suitable to
achieve the Pareto optimal set than other multi-objective optimisation techniques [31].

In this paper, NSGA-II is employed to perform the optimisation [27], which is
developed based on Goldberg’s non-dominated sorting procedure and sharing approach
[32]. The principle of the method is that NSGA-II starts from the generation of an initial
pool of chromosomes, and the objective values for each chromosome are calculated
according to the objective functions. Then Goldberg’s non-dominated sorting procedure is
applied to find all the non-dominated individuals that have the same reproductive
potential, in which the fitness value of each individual is calculated according to the non-
dominated criterion instead of the objective values themselves. If convergence is not
verified, the individuals in the parent pool are processed by genetic operators, i.e.,
reproduction, crossover and mutation, to generate offspring solutions, and the algorithm
returns to the fitness evaluation step for the next generation. This process continues to
generate new solutions that would give an improved frontier that dominates the existing
frontier that was achieved in the previous iterations, until a set of globally non-dominated
solutions is found or the maximum number of simulation generations is exhausted.

3. Application of the Deterministic PMS

The developed deterministic PMS is used to plan the maintenance of a newly constructed
road network during a planning horizon T of 20 years. For the illustration purpose, an
example network that consists of 4 road sections is analysed, which is shown in Figure 1.
The network is composed of a motorway (AB), a dual carriageway (CD), and two single
carriageways (BC and AD). Each section is 1 km long.

L

I

T T

Figure 1: An Example Road Network

The pavement condition of the road sections on the network is depicted in Table 4:

Table 4: Pavement Condition for the Example Network

Road section | Road section group | Initial pavement life (years)
AB 6 11

BC 1 10

CD 3 10

AD 2 8

As there are 4 road sections on the network, 80 decision variables are used in this
problem. As shown in Figure 2, the decision variable I, represents the maintenance action
implemented on road section n at year t. The decision string structure for road section n is
represented by:
| Inl | |n2 | In3 | |n4 | |n5 | |n6 | In7 | |n8 | | In15 | |n16 | In17 | |n18 | In19 | In20 |
Figure 2: The Part of Chromosome for Road Section n
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3.1 Objectives and Constraints

As stated in Section 2.3, two objective functions are considered, which are formulated as:

4 20 1 ©)
Min ——Cqt
;; @+d)!
4
Maxz rplg 20 * Ly (")
n=1
and the constraints are evaluated as:
rpl, (i) > 3 (8)
n
> Cp.¢ <2000 ©)

~(1+d)!
The minimum remaining pavement life is defined, say 3 years, so that the

serviceability of pavements could be ensured, and the available annual budget is
£2,000,000.

3.2 GA parameters

A tabular form of the system diagram is shown in Table 4, for example, at location 3 the
upstream component is the divider, which is connected to location 3 via the port outl, and
the downstream component is pressure relief valve PRV2, which is connected to it via the
port in. There are four main GA parameters to consider: the population size (P), the
maximum number of simulation generations (M), the crossover rate (p.) and the mutation
rate (pm). As 80 variables need to be optimised, the population size is set to 500. Based on
NSGA-II, an analysis was conducted to investigate the effect of changing GA parameter
values. A limited set of values for each GA parameter was selected as follows:

Pe: 0.6,0.7,0.8,0.9

Pm: 0.001, 0.01,0.1

M: 5000

P: 500

The applied crossover rate (p.) usually varies from 60% to 90% to make sure that most
of the chromosomes have the chance to crossover. The value of less than 10%
chromosomes that are allowed to mutate (p,,) is used to make sure that most of the good
chromosomes are retained. The size of generation at 5000 and of population at 500 are
sufficient for a simple road network.

NSGA-II is used to determine the optimal Pareto frontiers using different combinations
of crossover and mutation rates. Figure 3 is used to analyse the effect of mutation rates on
the optimisation results when specific crossover rates are chosen.

The results show that the mutation rate 0.01 lead to a better performance. This is because
when the mutation rate is too high, the offspring solutions cannot maintain some good
genes of their parents. While for the lower mutation rate, some helpful genes may never
be explored. Figure 4 shows how the crossover rate influences the optimisation process
when the mutation rate is 0.01.

Very similar optimal Pareto frontiers are obtained for each combination of the
crossover and mutation rates in Figure 4.
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Figure 3: Optimum Pareto Frontier for Different Mutation Rates under Crossover Rates (a) ,
(b),(c),and (d).
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Figure 4: Optimum Pareto Frontier for Different Crossover Rates when P,=0.01

In order to consume less computational effort, the optimal crossover rate is chosen as
0.6. Therefore, the crossover rate of 0.6 and the mutation rate of 0.01 are applied in this
part of the study.

3.3 Testing

The propagation tables for the main types of components in fluid systems are given in this
section. To perform further testing, the set of GA parameters values, i.e., the crossover
rate of 0.6, the mutation rate of 0.01 and the population of 500, is used and 5 simulation
runs are conducted. The maximum number of generations in a single run of the test is also
set to 5000 generations.

The average fitness function value in each generation is deployed, as the indicating
factor when considering the convergence of the optimisation problem. For instance, the
results obtained at each generation for runs 1 and 5 are presented in Figure 5. The results
indicate that the average population fitness function value converges towards the optimal
solution. It is identified that the results are scattered in a relatively narrow range and the
convergence to the optimal solution is obtained.
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Figure 5: Average Fitness Function Value at Each Generation
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3.4 Optimal Pareto Solution

Based on the same GA parameter values as Section 3.3, NSGA-II [27] is employed to
achieve the optimal M&R strategy, and the resulting optimal Pareto frontier after a
different maximum number of generations is illustrated in Figure 6.
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Figure 6: Optimal Pareto Frontier

The optimal Pareto frontier obtained is approaching the real Pareto frontier with
increasing simulation generations. The results demonstrate that the optimal Pareto frontier
is achieved at generation 5000, which cannot be improved significantly with further
iterations.

The next step of the analysis is to normalise the obtained optimal Pareto frontier. The
normalised distance for each non-dominated solution is calculated in terms of its objective
function values. A normalised objective function value is achieved over a range of 0-100
for each objective based on the following mapping rules [25]:

Oy (i) = 200 =06 min) __ 44, (10)
O(i,max) — O(i, min)

For this optimization problem, O(L, min) = £1,264,076 and O(1, max) = £1,707,796 for
the objective of minimizing maintenance cost; O(2,min)=12years and
0O(2,max) = 35 years for the objective of maximizing remaining pavement life. The

purpose of this mapping approach is to describe the two objective parameters in a single
space. Based on Equation (10), the normalised optimal Pareto frontier is illustrated in
Figure 7.
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Figure 7: Normalized Optimal Pareto Frontier

The final step is to identify the solution that has the smallest Euclidean distance, dy,
from (Oy (1, min),0y (2, max) ), represented by:
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(11)

The optimal solution based on the shortest normalised distance is determined as

maintenance cost of £1,418,291 and total remaining pavement life of 24 years, chosen

from the optimal Pareto solution set within the space of £1,264,076-£1,707,796 for
maintenance cost, and 12-35 years remaining pavement life for the network.
The resulting optimal Pareto solution is described in Table 5:

Table 5: The Optimal M&R Strategy

Road Maintenance scheduling during the planning horizon T (20 years)
section |1 |23 |4|5[6|7(8|9]|10]11)12|13|14|15|16 |17 18|19 20
AB o|jojojoj2jo0ojoj0f{2|0ojo0oj0O0O|2]|]0O0O|O0O|]O]|]O]|O]O]O
BC o0jojojojojojoj2j0joj2jo0ojoj2jo0ojoj2]1]1]2
CD 0|0|0]|]0]|]0]0O0]0]2]0]0O]2]0]J]0O]2]0]J]0]2]0]O0]2
AD 0|]0]|0]0]0]2]0]0]2]0]J0O]2]J]0]J]0]2]J]0]J]0]2]1]1

Examining Table 5, the maintenance plan for each road section on the network is
provided. For road section AB, three maintenance actions are implemented over 20 years,
i.e., three surface dressing (2) actions in years 5, 9 and 13. No resurfacing (3) or overlay
(4) is carried out.

In terms of the M&R strategy provided in Table 5, the evolution of the remaining
pavement life for each road section during the planning period of 20 years is illustrated in

Figure 8:
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Figure 8: Pavement Life Cycle: (a) Section AB, (b) Section BC, (c) Section CD, (d) Section AD

For road section AD, maintenance action (2) is scheduled at year 6. The remaining
pavement life at the beginning of year 6 is 3 years, and then surface dressing (2) is applied
to prolong the pavement life by 3 years according to Table 2. At the end of year 6, the
remaining pavement life decreases to 5 years as one year elapses. 4 more surface dressing
(2) actions are applied, before patching (1) is implemented in year 19 and 20. At the end
of the planning period, the remaining pavement life is 7 years. We also found that road
sections BC and AD are maintained frequently at the late state of the planning period; this
is because the maximisation of remaining pavement life is employed as one objective. As
the same coefficient, i.e., 1, shown in Equation (7), is assigned to each road group, single
carriageway, i.e., road sections BC and AD, requires less maintenance cost than dual
carriageway and motorway to restore pavement condition. The variation of coefficients
for each road group can play an important role in the pavement maintenance optimisation
problems, as it is directly related to the second objective function.

3.5 Application to a Large Network

When the proposed PMS is used to plan the maintenance of a large network that is
composed of a number of road sections, the involved road sections can be classified into
groups, described in Table 3. In this case, it is assumed that the individuals from the same
group have similar performance. As a result, maintenance actions are assigned to each
road section group at each year during the planning horizon, not to each individual road.
Hence, less computational effort is required for such an approach.

4. Probabilistic Optimization Model

The expected life for a new pavement can have a lot of variability and therefore can be
characterised by a probabilistic distribution instead of a definite value. The normal
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distribution is recognised as one of the most widely used probabilistic distributions in
engineering problems. Its probability density function is symmetric about the mean, p,
and shape is determined by its mean and standard deviation, 6. Probabilistic pavement
models are able to incorporate the uncertainty and predict the pavement performance as
the probability of occurrence of a range of possible outcomes.

4.1 Probabilistic Pavement Age Gain Model

A probabilistic pavement age gain model is developed, and central limit theorem is used
to generate standard normal variates. For instance, the initial pavement life for a new
pavement is characterised by a normal distribution with mean of 10 years and standard
deviation of 0.5 years. The pavement condition for each road section group provided in
Section 2.2 is depicted in Table 6.

Table 6: Road Section Types in Probabilistic Pavement Model

Road section | Road class | Traffic flow (000s) | Initial pavement life (years)
group u c
1 S2 5-15 10 0.5
2 S2 15-20 8 0.5
3 D2AP 10-20 10 0.5
4 D2AP 20-30 9 0.5
5 D2AP 30-40 8 0.5
6 D3M 20-30 11 0.5
7 D3M 30-40 10 0.5
8 D3M 40-80 9 0.5

The expected age gain for each maintenance action is evaluated in Table 7.

Table 7: Expected Ages Associated with Pavement Maintenance Actions Versus Remaining

Pavement Life in Probabilistic Pavement Model

Expected age gain (years)
Remaining | Pavement Do nothing Patching (1) SD (2) Re (3) Ov (4)
pavement | condition 0)
life (years) u = u = u p u p u p
>6 0 0 0 2 0.3 5 0.3 7 03 [ 10|03
(4,6] 1 0 0 2 0.3 3 0.3 7 03 [ 10|03
(2,4] 2 0 0 1 0.3 3 0.3 6 03 ]9 |03
0,2 3 0 0 0 0.3 1 0.3 6 03 ]9 ]03

The standard deviation values are assumed, which can be calibrated in terms of real data.

4.2 Application of the Probabilistic PMS

Consider the road network given in Figure 1. For the road section AB, the optimal M&R
strategy, depicted in Table 5, was obtained and the changes are shown in Figure 8(a).
When applying the probabilistic pavement age gain model, the performance of section AB
using the optimal strategy is shown in Figure 9. In each of 5 runs the age gains are
randomly sampled using the central limit theorem.
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Figure 9: Probabilistic Pavement Life Cycle of Road Section AB

As expected, Figure 9 shows that the results obtained in each run follow a similar
pattern. However, the variation in the remaining pavement life is observed. Therefore, due
to this variation the same M&R strategy can result in different pavement conditions.
When more simulations are carried out, the distribution of the remaining pavement life at
year 20 is investigated, illustrated in Figure 10.
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Figure 10: Distribution of the Remaining Pavement Life of Road Section AB

The mean sample is identified as 3.039 years, which is slightly higher than the
remaining pavement life of 3 years, obtaining by using the deterministic approach.

Finally, the example road network is investigated using the probabilistic pavement age
gain model. As before, NSGA-II is used to find the optimal Pareto frontier, 10 runs are
carried out. The GA parameters are set to be, as these were chosen in the deterministic
case.

pe: 0.6
Pm: 0.01
M: 5000
P: 500

The optimal Pareto frontier obtained in each run is illustrated in Figure 11.
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Figure 11: Probabilistic Pareto Optimal Frontier

It shows that each optimal Pareto frontier follows the same trend with some variation.
Also, the average optimal Pareto frontier is obtained, which is slightly above the
deterministic optimal Pareto frontier, obtained in Section 3.4. This is because in the
probabilistic model, the remaining pavement life is allowed to exceed the maximum
remaining pavement life, which is contrary to the deterministic model as shown in
equation (1%). In addition, the GAs aim to find the solutions with smaller cost and longer
remaining pavement life, so that the solutions with the same maintenance cost and longer
remaining life would be retained on the optimal Pareto frontier, which is the case for the
probabilistic optimal Pareto frontier. The solutions with the same cost mean that the same
optimal Pareto set is achieved, though different pavement conditions, i.e., longer
remaining pavmenet life, are resulted. The varation of the probabilistic optimal Pareto
frontier indicates the stocastic nature of pavement, and demonstrates that the probabilistic
model is more realistic. However, the probabilistic model requires more computational
effort than the deterministic one.

5. Conclusions

This paper presents a new approach to assign maintenance actions on a highway network.
For the proposed PMS, both deterministic and probabilistic pavement age gain models are
deployed to evaluate and forecast pavement condition, and NSGA-II is used to resolve the
computational complexity of the maintenance optimisation problem. The formulation of
the optimisation problem aims to both minimise the maintenance cost and maximise the
pavement condition of a highway network over a given planning period. In this
formulation, a road section group is employed as a decision making unit for the
optimisation model, from which the road sections are given the same treatment. In this
manner, less computational effort is required.

The developed deterministic PMS is applied to a simple road network. A set of GA
parameters are compared to find the optimal combination that lead to the best Pareto
solution set. With each additional simulation of generations, the optimal Pareto frontier
generated is approaching the real Pareto frontier. Afterwards, the resulting optimal Pareto
frontier is normalised, so that the balance between the involved objectives is established.
The stochastic nature of pavement deterioration is determined using a probabilistic model.
Normal distribution is used in such a model. The example road network is also
investigated using the probabilistic pavement age gain model and the results indicate that
the average optimal Pareto frontier using the probabilistic model follows the same trend as
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the optimal Pareto frontier using the deterministic model. The value of the remaining
pavement life is higher for the same value of maintenance cost when the probabilistic
model is considered. This application indicated the feasibility, capability, and efficiency
of using NSGA-II in conjunction with both deterministic and probabilistic pavement age
gain models. For the probabilistic model, normal distribution is chosen to characterise the
expected life for new pavement and the age gain resulting from maintenance actions, thus
the remaining pavement life is achieved as a distribution of possible outcomes, instead of
a single value. The normal distribution was chosen in this study as it is one of the most
commonly used probability distributions in engineering problems, but other lifetime
distributions, such as Weibull distribution, can also be used to describe the stochastic
nature of pavements. Further analysis is needed to select an appropriate distribution for
data available. However, the same optimal M&R strategy, i.e., the one with the objectives
of maximizing pavement condition and minimizing maintenance cost studied in Section
3.4, will be achieved, as the majority of the samples generated from a different
distribution would fall into a narrow interval approaching the mean value.

With the increase of highway network geometry, the computational effort for GAs
increases exponentially. In the case study, for the deterministic PMS, it takes 15 minutes
for NSGA-II to optimise the maintenance actions for the case study network. As for the
probabilistic one, 60 minutes is required. In this paper, NSGA-II is applied as the
optimisation method which has proven itself to be sufficient enough for constrained multi-
objective problems. However, more constraints can be added to the optimisation model,
such as limitation of the use of surface dressing on motorways, and forcing structural
maintenance on heavily trafficked roads (at least once during the life cycle). In addition,
other advanced GAs and hybrid heuristic techniques can be implemented, as they have the
feature of retaining the advantages of GAs, but prominently improve their searching
ability and computational efficiency in achieving the global optimal.
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