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Abstract

The issue of effectively scheduling pavement maintenance and rehabilita-

tion treatments over a multi-year planning horizon plagues road authorities

around the world with the significance of this issue being amplified by both an

ageing pavement network and the trend towards insufficient fund allocation.

The scope of the problem can be quantified as follows: if only a single

treatment is able to be applied to each individual road segment in a single

year, then the total number of possible programmed maintenance and reha-

bilitation schedule alternatives for a moderate-sized network of 1,000 road

segments, with eight different treatments possible, over a twenty year anal-

ysis period is ((1.0× 103)8)20 = 1.0× 10480. Assuming that a computer can

build and evaluate 100 complete maintenance and rehabilitation schedules a

second, to identify the optimal schedule for this 1,000 segment road network

would take 3.17× 10471 years.

The overall goal of this study is to investigate the benefits of applying

modern heuristic optimisation techniques to the problem of pavement main-

tenance and rehabilitation scheduling over a multi-year planning horizon. To

address this goal, a four stage approach was utilised using a real road net-

work with real pavement condition data as the test benchmark. The first

stage was the application of a traditional rule-based pavement management

system to provide a base against which the optimisation methods developed

in this study could be compared. The second stage was the generation of a

programmed maintenance and rehabilitation treatment schedule using a tree-

based search. The third stage was to develop a genetic algorithm based pave-

ment management system to produce an optimised schedule of treatments
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and the final stage was to address the impact of annual budget constraints

by implementing the genetic algorithm approach on a parallel computer to

produce an optimised schedule.

To ensure realistic evaluation of the developed software, pavement con-

dition data provided by the Queensland Department of Transport and Main

Roads is used in this study. Using this road network of 1,335 road segments

over a twenty year analysis period, the modern heuristic genetic algorithm

optimisation technique produced a schedule of programmed maintenance and

rehabilitation treatments with a Net Present Value (NPV) of $186,187,060

which was 45.03% of the NPV of the traditional rule-based approach and

64.68% of the tree-based algorithm which had a NPV of $287,880,562.

When implemented on a parallel computer with annual budget constraints,

the genetic algorithm produced a schedule with a NPV of $305,040,529 for

an annual budget constraint of $45 million.

This study evaluated the development and application of a modern heuris-

tic optimisation technique to the problem of scheduling programmed mainte-

nance and rehabilitation treatments on a real-world road pavement network.

The significant findings of this research are:

� Each of the four treatment selection techniques evaluated has vary-

ing strengths and weaknesses. When adopting a selection technique

these should be considered in relation to the road agency’s objectives,

network length, available personnel, and resources.

� A tree-based road treatment scheduling system effectively evaluates if

a particular treatment should be applied in a later year instead of the

current year, or if an alternative ‘holding’ treatment should be applied
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to minimise expenditure. A tree-based system produces a lower cost

schedule of works than a traditional rule-based approach.

� The genetic algorithm based treatment selection technique successfully

produced an optimised schedule of treatments that satisfied maximum

condition constraints and assists Asset Managers to get the best out of

their road network while minimising spend.

� A parallel implementation of the genetic algorithm based treatment

selection technique is able to produce an optimised treatment schedule

that satisfies an annual budget constraint.
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Chapter 1

Introduction

Australia has over 850,000 kilometres of road network [5] which is conser-

vatively valued in the order of A$280 billion [6]. Approximately 16.5% of

this network lies within an urban environment while the remaining 83.5% is

situated in non-urban areas of Australia [7]. The management of this road

pavement network moved to the forefront of road agency activities late in

the 20th century as, prior to this time, agencies had primarily been focused

on road pavement construction [8].

As shown in Figure 1.1, Australian domestic freight activity is now dom-

inated by rail and road [7] where, over the last 40 years, freight transport

via road has grown over 700% to reach 203.6 billion tonne-kilometres in the

2012-2013 financial year. Australian roads are also an integral component

of passenger transport with an estimated 267.76 billion passenger-kilometres

travelled on Australian roads in the 2012-13 financial year [7]. Despite a

large paved network and the heavy economic reliance on this network, only

A$23.9582 billion was spent in the 2012-13 financial year on roads and bridges

by Australia’s public sector [7]. Of this A$23.9582 billion, A$13.5244 bil-

lion was allocated to the construction of new assets while the remaining
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Figure 1.1: Australian domestic freight by mode of transport [7]

A$10.4338 billion was spent on maintenance and rehabilitation of the ex-

isting assets (derived from [7]). Given this heavy reliance on the road net-

work and an increasingly limited maintenance budget, it is essential that

road authorities produce a cost-effective schedule of programmed mainte-

nance and rehabilitation treatments to ensure an optimal outcome for the

nation’s largest physical asset [9].

This dissertation addresses the complex problem experienced by road

authorities internationally: determining a multi-year optimised pavement

maintenance and rehabilitation programme of works.

1.1 Road Pavements

A summary of Australia’s pavement network is given in Table 1.1 which

shows the approximate total length of pavement in each Australian state
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and the approximate network length that is managed by the respective State

Road Authority. The pavement network consists of both unsealed and sealed

roads.

Table 1.1: Australian pavement network length by state [5]
Network Size State Managed

State (km) (km)
Queensland 180,395 33,343
Northern Territory 36,000 22,000
Western Australia 187,297 18,025
South Australia 42,811 22,498
New South Wales 184,151 20,927
Victoria 201,472 22,301
Australian Capital Territory 2,730 2,710
Tasmania 33,293 4,424

A pavement can be defined as ‘the structure which separates the tires (sic)

of vehicles from the underlying foundation material’ be it soil or a bridge deck

[10] with a typical, surfaced, flexible pavement cross-section shown in Figure

1.2.

Figure 1.2: Flexible pavement cross-section adapted from [11]

The Average Annual Daily Traffic (AADT) volume that pavement is de-

signed to withstand will normally dictate the overall pavement depth and

the number of base and subbase layers. The basic, three step process for

constructing a sealed pavement is depicted in Figure 1.3 where the process of

constructing an unsealed road omits the final step of surfacing the pavement,

it is essentially cleared land that supports a paved road.
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Figure 1.3: Pavement construction flowchart

A pavement is generally categorised by the type of material that is used to

construct each of its individual layers. When designing a new road pavement

in Australia, there are normally four individual pavement types considered.

When managing road pavements, post initial construction, these four individ-

ual pavement types are reduced to three main categories: flexible, semi-rigid,

and rigid pavements. Each of these categories is defined as follows:

� Flexible − pavements comprised of unbound granular material, typi-

cally sourced from a quarry. The granular layers of a flexible pavement

will generally be of a higher quality the higher they sit in the overall

pavement configuration. The base layer is made up of finer particles

that combat surface deformation by effectively distributing wheel loads

imposed on the pavement surface over a wide area of the subbase layer.

The base layer also prevents water from entering the pavement’s sub-

base and subgrade by forming a relatively impermeable barrier [12].

The subbase is normally composed of a cheaper, lower class granu-

lar material that is used to further distribute the imposed wheel load

through the subgrade. Figure 1.2 shows the layers of a flexible pave-

ment.

� Semi-rigid − pavements with a bound layer, usually the base or sub-
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base, within their overall composition. A bound layer is created by

either mixing cement powder, hydraulic road binder, or lime with the

unbound material [13]. By including a bound layer within a pavement,

improved stiffness is gained in both the layer and overall pavement

structure. The bound layer has a higher modulus of elasticity and a

lower plasticity index [14].

� Rigid − pavements constructed entirely of full depth asphalt, Port-

land cement, or a mixture of the two. This high strength pavement

is normally used on roads with higher AADT volumes because of the

considerable expense in construction.

Three surfacing options are shown in Figure 1.3, these being sprayed seal

surfacing, asphalt, or cement. Both flexible and semi-rigid pavements could

have either a bituminous sprayed seal or asphalt wearing surface, whilst rigid

pavements either have an asphalt or cement wearing surface. Asphalt and

cement surfaces are normally reserved for roads with a high AADT. These

surfacings are more expensive per square metre than bituminous sprayed seals

and provide for a more durable wearing surface. Approximately 43.45% of

Australia’s network is sealed with either a bituminous or concrete surfacing,

a further 31.43% is unsealed (gravel or crushed rock surfacing), and the

remaining 25.12% is formed and/or cleared [15].

The performance of an in situ pavement is affected by a large number

of parameters including traffic loading, climatic/environmental conditions,

pavement age, quality of initial construction, maintenance previously un-

dertaken on the pavement section, and pavement characteristics [16]. Com-

mon distress characteristics that manifest in road pavements include cracking
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(alligator, edge, longitudinal, and transverse), raveling, roughness, rutting,

shoving, and potholing [17]. Figure 1.4 shows six pavement distress types

that are known to occur in flexible pavements.

Figure 1.4: Flexible pavement distress characteristics [18]

� Crocodile (Alligator) cracking − a sign that the structural capacity of

the pavement is not able to cope with the traffic loads imposed upon
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it. This could be because either the pavement was not designed to have

the correct structural strength or the predicted traffic growth rate was

less than the actual growth rate experienced.

� Potholing − normally the result of either alligator cracking when small

pieces of pavement pluck out, or water ingress through the wearing

surface into the pavement through a crack.

� Longitudinal cracking − normally indicative of the early stages of wear-

ing surface fatigue, poor joint construction and/or location, or a reflec-

tive crack from layers underneath the surface layer.

� Shoving − normally a result of excessive stress (stopping, starting, and

turning) imposed by vehicles combined with either a watery subgrade

or poor surfacing mix design/selection [18].

� Raveling − an indication of poor surfacing mix design, namely the

inability of the binder to securely hold onto the aggregate.

� Rutting − the permanent deformation of any of the layers that make up

a pavement; usually caused by consolidation within a layer, or lateral

movement of materials that make up a pavement layer due to traffic

loading [18].

In order to treat known distress types, a range of maintenance and reha-

bilitation treatments have been developed. These treatments generally fall

into three categories [19]:

� Routine Maintenance − activities that address minor defects in either

the pavement or road environment. Examples include pothole patching,

crack sealing, and the flushing of subsoil drains.
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� Preventative/Programmed Maintenance − activities that aim to slow

the deterioration of the pavement. An example would be re-surfacing

with either a bituminous sprayed seal or an asphalt wearing surface.

� Rehabilitation − activities undertaken with the intention of renewing

the pavement asset. Requiring significant expenditure, rehabilitation

activities are usually limited to those pavements with the highest rates

of deterioration or those that do not have the structural capacity to

continue to perform at a given level of service.

The general timing of applying a treatment from one of these categories

is outlined in Figure 1.5 with the letters A, B, and D. The curve in this figure

depicts a deteriorating Pavement Serviceability Index (PSI) over time.

Figure 1.5: General treatment timing [20]

Treatment selection is impacted upon by the structure of the pavement,

its current condition, level of importance, and traffic loading. The cost of the
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treatment and benefits gained from its implementation also need to be taken

into account when selecting a particular treatment for a specific pavement

segment.

Figure 1.6 depicts a typical pavement life-cycle. Without treatment a

pavement segment has a set rate of deterioration and thus a terminal life.

The depicted pavement deteriorates 40% over the first 75% of its life; this de-

terioration rate then increases as the following 40% deteriorates over a period

that is 12% of its original lifespan. To slow the increasing rate of deterio-

ration different treatments can be applied at various stages of the pavement

life-cycle. The costs incurred in undertaking each specific treatment and the

benefits gained are dependent on the pavement’s position on the life-cycle

curve. Regular, relatively inexpensive treatments effectively alter the deteri-

oration rate and position the pavement segment at the top of the pavement

life-cycle curve.

1.2 Management of Road Pavement

All road agencies, regardless of the size of their road network, require a

Pavement Management System (PMS) to assist with the scheduling of their

preventative/programmed maintenance and rehabilitation of their pavement

asset. The role of the pavement management system is to ‘help a decision

maker to select the best preservation program, decide which preservation

treatment to use, and where and when to apply it to maximise the use of

available resources’ [22] and ‘assist agencies in the funding allocation process’

[23]. A pavement management system is also often used to develop optimised

maintenance and rehabilitation strategies for pavement networks; however,
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Figure 1.6: Example pavement option curve (Pavement Condition Index vs.
Time) [21]

ultimately it is Asset Managers who are tasked with the responsibility to

make final decisions regarding treatments and strategies [24, 25].

The complexity of these management systems range from relatively sim-

ple techniques employing decision trees and/or decision matrices [20]; to a

prioritisation approach similar to the original Thailand Pavement Manage-

ment System implemented in 1984, that ranks treatments based on selected

characteristics [26]; to heuristic optimisation approaches that produce an op-

timised maintenance and rehabilitation program for consideration by Asset

Managers [27].

More formally, a pavement management system can be described as:

‘a method of information collection, analysis and decision
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making, designed to permit the optimisation of resources for

the maintenance, rehabilitation and reconstruction of pavements.’

[28]

The American Association of State Highway and Transport Officials (AASHTO)

defines three methodologies which categorise a pavement management sys-

tem as [29]

� Pavement Condition Analysis − a priority ranking of pavement seg-

ments and treatments is formulated using condition data and weighted

attributes.

� Priority Assessment Models − treatments are ranked based on both

their effect on future road user and/or agency costs and on their ability

to impact future pavement condition.

� Network Optimisation Models − a series of treatments for specific pave-

ment segments is formulated to achieve an optimised whole-of-network

treatment schedule that aligns with a selected management strategy.

Pavement condition analysis and priority assessment models are consid-

ered bottom up, project level approaches whilst network optimisation models

are a top down, network level approach.

Historical manual methods of pavement maintenance management have

largely been replaced by computerised pavement management systems due

to increasing network sizes and greater importance being placed on achieving

optimal pavement maintenance and rehabilitation decisions. Early literature

identifies three key components of a computerised pavement management

system [28, 30], these being a database/inventory module, a data analysis
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module, and a reporting/output module. Figure 1.7 depicts the relationship

between these three key components.

Figure 1.7: Three key components of a PMS (adapted from [31])

These three original key components have since been further refined into

the six components outlined below [24, 32, 33]:

� Database − to assist in the maintenance and rehabilitation decision

making process a pavement network is divided into smaller, more man-

ageable segments. These segments are usually defined by an arbitrary

length, pavement type, road geometry, or pavement condition. An in-

ventory database is the repository used to store data relating to each

individual pavement segment. In addition to historical data document-

ing pavement construction and geometry, network condition surveys are

also undertaken [34]. These surveys, which were traditionally under-

taken by experienced, trained visual assessors, are increasingly being

carried out by a purpose built network survey vehicle due to the in-
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creasing size of pavement networks and continual improvements in the

automation field [35]. The network condition survey predominately

records surface condition data because of its ease of collection. How-

ever, a Traffic Speed Deflectometer facilitates collection of deflection

data to assess the structural integrity of a pavement with greater con-

venience [36] over slower traditional non-destructive testing techniques

(e.g. falling weight deflectometer testing). This relatively new technol-

ogy is leading to increased inclusion of pavement structural condition

data into pavement management systems. The inventory database may

also contain data relating to traffic volumes/patterns, climatic condi-

tions, and network classifications.

� Condition Model − a condition model describes the trend of an at-

tribute over time. Depending on the attribute, the model may be

linear, bilinear, or polynomial in nature. The attributes considered by

a pavement management system range from those gained from histor-

ical record (e.g. pavement or surfacing age) to those measured in the

network condition surveys described above. The attributes measured

in network condition surveys may include roughness, rutting, texture

depth, and a measure of the structural capacity of the pavement.

� Treatment and Treatment Attributes − a list of the full range of treat-

ment options incorporated into a pavement management system to en-

sure that all options are considered when developing the maintenance

and rehabilitation works program. Treatments would usually include

several asphalt overlays of varying depth, bituminous seals of varying

stone sizes, stabilisation treatments, and other reconstruction treat-
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ments. Attributes that correspond to each of the treatment alternatives

are also stored to assist in treatment evaluation, for example the unit

rate of the treatment, in addition to the time and resources required

to complete the works.

� Definition of Benefit − each of the treatments in the comprehensive

list referred to in the above item produces a defined benefit when the

treatment is carried out. The benefit usually relates to a quantifiable

improvement in one or more of the measurable pavement characteristics

recorded from network condition surveys. For example, carrying out a

50 millimetre asphalt overlay over a one kilometre segment of road may

reduce the measure of roughness from 4 International Roughness Index

(IRI) to 2.7 IRI, thus the defined benefit of undertaking the overlay

treatment is 1.3 IRI.

� Optimisation Module − an optimisation module is incorporated into a

pavement management system to analyse the defined benefit of treat-

ments undertaken over the analysis period. The analysis period is

normally a multi-year period extending between five and thirty years.

The objective function used in the optimisation process normally aligns

with the agency’s maintenance and rehabilitation strategy. A variety

of techniques are utilised by different agencies to accomplish the op-

timisation task. Commonly used techniques are outlined in Section

1.4 whilst additional techniques previously researched are detailed in

Section 1.4.

� Reporting/Feedback − the reporting/feedback module is used to pro-

duce reports detailing both the data stored in the previously listed
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modules and/or the results generated from tasks carried out within the

previously listed modules. An optimised maintenance and rehabilita-

tion programme of works is traditionally the primary report generated

from this module.

These six individual components each contribute to developing an effective

pavement management system with all six components found in a large pro-

portion of pavement management systems used in both industry and those

that have been the topic of research.

The major focus of this research is the Optimisation Module and relevant

optimisation techniques are described in the following section.

1.3 Optimisation Methods

1.3.1 Overview

Optimisation is the process of assigning values to the variables of an objective

function such that the value of the function is either minimised or maximised.

This optimal solution is such that the values of the variables satisfy any

problem-specific constraints, that is they lie within the problem’s feasible

region [37].

In its general form, a minimisation optimisation problem can be defined

as:

minx∈S F(x) where S ⊂ RN

where F is the problem specific objective function and the vector x contains

the variables of the objective function.
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Optimisation techniques can be categorised as either deterministic or

stochastic where deterministic techniques are exhaustive in nature and, given

the same set of initial conditions, will generate the same solution each time.

On the other hand, stochastic techniques are probabilistic in nature, incorpo-

rate randomness in their solution generation so do not guarantee to always

find the same solution. Because of their exhaustive nature, deterministic

techniques are generally limited to smaller problems and for more complex,

real-life scenarios stochastic techniques must be utilised to provide a near-

optimal solution within a reasonable computation time.

Both deterministic and heuristic optimisation methods can also be cat-

egorised into local and global optimiser groupings. Local optimisation is

essentially the process of finding an optimal solution within defined bounds.

In reality, these bounds are distinguished by the shape of either a convex

upwards (B-C-D in Figure 1.8) or a concave upwards (A-B-C in Figure 1.8)

segment of an equation representing feasible solutions that do not violate

problem constraints.

The typical form of a local optimisation algorithm is shown in Algorithm

1 where it is evident that a local optimisation algorithm is susceptible to

identifying local optima (points B and D in Figure 1.8) and that its degree

of success is dependent on the step size (distance d) selected.

In contrast to local optimisation, global optimisation is, by definition,

finding the optimal solution to a problem by searching the entirety of those

solutions that lie within the feasible region and do not violate problem con-

straints (e.g. bounded by A and E in Figure 1.8). The large solution spaces

that accompany real-world problems generally means that these problems are
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Figure 1.8: Objective function example

Algorithm 1: Local optimisation algorithm

1 Select a candidate solution that satisfies the constraints of a function
and lies within the predefined bounds

2 while not converged do
3 Select a search direction to move and a distance (d) to move away

from the current solution
4 Move distance d in the nominated direction to select the

neighbouring solution
5 Evaluate the function for the neighbouring solution
6 if neighbouring solution is better than the candidate solution then
7 store the solution as the candidate solution

best optimised using stochastic optimisation techniques where the element of

randomness used by these techniques assists in ensuring that the algorithm

does not get caught in local optima.

The complexity of real-world pavement management problems is observed

to increase exponentially as the size of the problem increases [38].
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1.3.2 Genetic Algorithms

The complexity of scheduling optimal pavement maintenance and rehabil-

itation treatments is in part due to the problem’s large search space and

constraints imposed on solutions. This complexity necessitates the use of

heuristic algorithms to optimise pavement management problems and, in

this study, algorithms based on the well-known genetic algorithm heuristic

will be utilised. Genetic algorithms are a ‘heuristic optimization (sic) tech-

nique based on the mechanics of natural selection and evolution’ [39]. The

pseudocode for a simple implementation of a genetic algorithm is as follows

[40]:

Algorithm 2: Standard genetic algorithm

1 Choose an initial population of solutions
2 while termination condition not satisfied do
3 while insufficient offspring created do
4 if crossover condition satisfied then
5 select parent solutions
6 choose crossover parameters
7 perform crossover

8 if mutation condition satisfied then
9 choose mutation points

10 perform mutation

11 evaluate fitness of offspring

12 select new population

Within a genetic algorithm, a finite string structure is utilised to rep-

resent a potential solution to the optimisation problem; traditionally, each

component of the solution is represented using binary notation ‘to imitate

the genetic encoding of natural organisms’ [41]. Due to the representation re-
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quirement of real-world problems, components can also be represented using

real numbers [42, 43].

The initial population of solutions is normally generated randomly and

research indicates that the best size for the population is often a trade-off

between efficiency and effectiveness [44]. Standard genetic algorithms used

in pavement management systems have initial population pools of between

30 and 200 randomly generated solutions. This population is evolved by

performing operations on the initial population using crossover and mutation

operators. Three variations of the crossover operator, for a binary represented

solution, are depicted in Figure 1.9. The crossover operator is essentially

a stepping function and assists in escaping local optimum. The mutation

operator flips the value of a single component in a binary solution or varies

a component in a solution of real numbers by a small random amount. The

mutation operator may be performed on a solution from the population pool

or on offspring from the crossover operator, as shown in Figure 1.10.

In a standard genetic algorithm, crossover and mutation operators have

a predetermined probability of being undertaken. Once sufficient offspring

have been created the fitness of each offspring is calculated using the objec-

tive function. Those solutions that evaluate to a better solution, based on

the measure of the objective function, are then used to replace the less fit so-

lutions in the pool and used to generate the next generation of offspring. The

entire process continues until a termination condition is realised. The condi-

tion may be that a set number of generations has been reached or that the

fittest solutions in the population pool are not improving by a set minimum

amount.
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Figure 1.9: One-point, two-point and uniform crossover operations [45]

Figure 1.10: Mutation performed on crossover offspring [41]

Extensions to the standard genetic algorithm include:

� Genotype/Phenotype − crossover operators performed on the individ-

ual elements of the solution representation are known as genotype

crossovers. Phenotype crossovers are performed in the problem space

itself, thus the method of representation of the solution becomes ir-

relevant [46]. Whilst a select few problems have a one-to-one mapping

between their genotype and phenotype spaces, it is not uncommon for a

phenotype space to be mapped to several genotype solutions. Although

one-to-many mapping poses a challenge for reseachers, phenotype op-

erations are still often a viable alternative to improve the efficiency of
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genetic algorithms.

� Multi-objective Pareto Optimality− genetic algorithms have demon-

strated success in both single objective and multi-objective optimi-

sation. The formulation of an appropriate objective function for sin-

gle objective optimisation is straightforward; however, it is inherently

more complicated when optimising multiple objectives [47]. Combining

single attributes into an objective function for a multi-objective opti-

misation problem is usually done by applying a weighting to each of

the single attributes. The specific weights applied are normally subjec-

tive and problem specific. The alternative is to optimise two or more

individual objective functions. Optimising multiple objective functions

will always produce a set of Pareto optimal solutions.

A Pareto optimal solution is a solution that cannot be made better

without making at least part of the solution worse [48]. Thus, it is

not possible to distinguish one solution as better than another if both

solutions are Pareto optimal. Figure 1.11 depicts a Pareto optimal front

formed by optimising an objective function that contains attributes z1

and z2. Each solution on the front cannot be dominated by any other

solution, therefore it is up to a decision maker to select one of the

individual solutions that lie on the front [49]. The chosen solution is

the best possible compromise [50].

� Memetic Genetic Algorithms − Memetic algorithms ‘can be viewed

as a collection of agents performing an autonomous exploration of the

search space, cooperating via recombination, and competing for compu-
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Figure 1.11: Pareto optimal front formed by optimising functions z1 and z2
[49]

tational resources due to the use of selection/replacement mechanisms’

[51]. Memetic algorithms combine a global search methodology with a

local search strategy. The global search agent of a genetic algorithm,

along with the traditional mutation and crossover operators, ensures

that the wider solution space is searched while the local search agent of

a memetic algorithm is used to fine-tune all generated solutions. The

local search agent can be inserted into a variety of positions within

the simple genetic algorithm pseudocode. There is no one design for

an efficient and effective memetic genetic algorithm; one of the most

important characteristics of the local search is that it should be fast

[51, 52]. To locally optimise each solution generated by the crossover

and mutation operators, the local optimising agent could be inserted

into the positions detailed in Algorithm 3.

Memetic algorithms have successfully been applied to various, known

NP-hard combinatorial optimisation problems; these being the multi-

22



Algorithm 3: Memetic genetic algorithm

1 Choose an initial population of solutions
2 while termination condition not satisfied do
3 while insufficient offspring created do
4 if crossover condition satisfied then
5 select parent solutions
6 choose crossover parameters
7 perform crossover
8 locally optimise each offspring

9 if mutation condition satisfied then
10 choose mutation points
11 perform mutation
12 locally optimise offspring

13 evaluate fitness of offspring

14 select new population

dimensional knapsack [53] and the travelling salesman problem [54]. A

memetic genetic algorithm has previously been applied to the mainte-

nance scheduling of thermal generators [55] and the problem of schedul-

ing railway maintenance [56].

� Parallel Genetic Algorithms − The basis of genetic algorithms are the

building blocks, or schema, that make up solutions. The success of a ge-

netic algorithm is directly impacted by the proliferation of high quality

building blocks. The proliferation of high quality schema takes place

throughout the solution pool of a genetic algorithm simultaneously. It

has been demonstrated that the number of schema processed usefully

in each generation is in the order of n3 for a population pool contain-

ing n individuals [57]. The ability to simultaneously process schema is

known as intrinsic parallelism and is the reason genetic algorithms can

successfully search massive solution spaces. As the number of solutions
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and/or size of the search space grows exponentially, it has been shown

that the time requirements for a genetic algorithm only grow linearly

[58].

Genetic algorithms are particularly suited to parallel implementation.

A standard genetic algorithm can be implemented across multiple pro-

cessors or a number of standard genetic algorithms can be implemented

across a single processor each. Both are parallel implementations of a

standard genetic algorithm to find an optimal solution to a problem.

When allocating genes to a particular pool to be worked on by mul-

tiple genetic algorithms upon multiple processors, the genes generated

are affected by the allocation process employed [59]. By implementing

the first of the two different parallel implementations of simple genetic

algorithms, this contamination of the solutions is avoided. The first of

the two implementations is usually implemented in a Master-Slave type

architecture. In this type of architecture the Slaves are assigned com-

putational evaluation tasks by the Master. The Master is tasked with

performing operations on the population pool using results collected

from Slaves. The Master may also undertake computational evaluation

tasks as required.

1.3.3 Constrained Optimisation

Constraints that plague real-world problems can be imposed by regulations,

preferences, restrictions, or resource capabilities. Scheduling problems such

as optimising pavement management often align with the following definition

of constraint satisfaction problems:
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‘A constraint satisfaction problem (CSP) consists of a set of

variables, each variables is associated to a finite domain, and there

exist a set of constraint among the variables. The main goal in a

CSP is to find an instantiation of a value to each variable in such

a way all constraints are satisfied’ [60].

Constraints can be classed as hard or soft where hard constraints are those

that cannot be violated by a feasible solution; for example, some employers

will not let their employees work a shift longer than 12 hours for health and

safety reasons. Soft constraints are those that ideally should be enforced;

however, a solution that did violate these constraints may still be acceptable

in the interest of gaining an optimum solution. Often budgetary constraints

may be considered soft as a small amount of additional funding can be made

available to implement an optimal solution.

In addition to increasing computational time, if constraints are not han-

dled effectively, there exists a ‘strong likelihood that the search will not con-

verge on the global optimum but get trapped instead in a sub-optimal part

of the search space’[61]. Constraints are an obstacle that hinders progress

in the quest to develop efficient problem-solving algorithms, thus constraint

handling is an important active research area [62]. Although there is a vast

array of constraint handling techniques [63, 64], they normally align with one

of the three following methods:

� Discard − The discard method of constraint handling discards all solu-

tions generated that do not satisfy all constraints that together define

the feasible solution region. Using this method guarantees accepted

solutions satisfy all constraints; but evolutionary algorithms that work
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using populations of solutions may suffer from a reduced solution di-

versity when using the discard method of constraint handling.

� Penalty − There are many variations of the penalty method of con-

straint handling [65], though the general methodology remains the

same. Solutions that violate constraints are penalised based on the

number and severity of violations. Using this methodology means the

solution is still usable and can contribute in the optimisation process.

The main challenge when implementing the penalty method of con-

straint satisfaction is defining the right penalty value; too great or too

small a value may lead to being trapped in sub-optimal solution spaces

[61].

� Decode and Repair − The decode and repair method involves decoding

the solution that violates imposed constants and repairing the partic-

ular elements of the solution that are responsible for the constraint

violation/s. The decode and repair method maintains the diversity of

solutions; however, it is very computationally expensive and repair al-

gorithms are often problem specific.

Constraints for the pavement management problem usually fall into one

of the categories outlined below.

� Pavement Quality − Pavement quality constraints can be:

– associated with measurable standard units of measure for pave-

ment distress - for example value of International Roughness Index

(IRI) [66]; or
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– imposed on a user defined pavement characteristic - user defined

characteristics are usually composed of a combination of other

standard pavement distress characteristics. Examples of these be-

ing Pavement Serviceability Index [24] and Condition Index [67].

� Pavement Characteristics − Constraints placed on pavement charac-

teristics would usually be placed on characteristics that deteriorate in

a uniform fashion and those with a terminal life span; for example

pavement or surface age.

� Available Budget − Budgetary constraints are normally imposed as a

result of road agencies’ minimal funding available for pavement man-

agement. Available funding may be divided into pavement mainte-

nance and pavement rehabilitation allocations with constraints placed

on each, or a constraint placed on the total available budget [22]. Al-

ternatively, constraints may be imposed on an annual spend as a per-

centage of the total budget available.

Constraints, like those described above, are taken into account in the

scheduling of maintenance and rehabilitation treatments by a pavement man-

agement system.

1.4 Current Pavement Management Optimi-

sations

1.4.1 Treatment Selection Techniques

The first step to ensure that pavement management systems ‘provide decision-

makers at all management levels with strategies to maintain pavements in
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acceptable condition’ [35] is to incorporate a suitable objective function. For

the scheduling of road maintenance and rehabilitation treatments, this ob-

jective function will reflect the agency’s broader corporate goals and, in addi-

tion, will define all pavement maintenance and rehabilitation decisions [32].

An agency’s choice of objective function forms the basis for the treatment

selection process used within its pavement management system.

Different road agencies will almost certainly select varied objective func-

tions that take into account their unique combination of available resources,

budget, and materials. Common objectives include [32]

� whole of life costs

� road user costs

� maintenance costs

� percentage of pavements greater than a specified age

� difference between seal age and a specified age

� treating the worst pavement sections first

Despite being referred to as an optimisation module in Section 1.2, the

treatment selection processes used in this module fall into one of two cate-

gories: prioritisation processes and optimisation processes.

Prioritisation processes generally follow the steps outlined below [27]:

� Calculate a priority number for each pavement segment - the number is

normally an evaluation of the chosen objective function or determined

from the current measured condition of the pavement segment;

� List each segment in order of priority;

� Work down the list, selecting a suitable treatment to be applied to each

segment using a deterministic selection technique; and
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� Disregard those segments remaining on the list once the available bud-

get has been exhausted.

This prioritisation process can be applied over both a single and multi-year

planning horizon. ‘Single-year prioritization (sic) is the most common tech-

nique used for project selection’ [31].

A common deterministic selection technique used in this prioritisation

process is the use of decision trees [20, 68, 69]. Figure 1.12 depicts an ex-

ample decision tree used to select a treatment to be applied to an asphalt

pavement segment. Each level of branches lists the alternative values for a

single pavement attribute, with an aim of maximising the ‘distance’ between

each alternative [35]. Progressively moving through each level of branches re-

sults in the selection of the most suitable treatment based on the condition of

each segment. Decision trees are a useful tool to store and utilise knowledge

from experienced pavement engineers and they work well in geographical

locations that have largely consistent climatic, user, and pavement charac-

teristics. However, they are very prescriptive, can discourage innovation, and

are not easily transferable [69].

Recent studies have highlighted that a large proportion of pavement man-

agement systems utilise a ‘Worst First’ approach to pavement segment se-

lection [70]. This approach of treating the worst pavement sections first is

widely known not to consistently produce cost-effective solutions [71].

Surveys undertaken in 1996 and 2003 [72] indicate that, although utilising

an optimisation process achieves a 10% to 20% gain in efficiency over a

prioritisation process [70], few highway authorities utilise optimisation [73].

The most common heuristic optimisation process used by highway author-
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Figure 1.12: Example decision tree for an asphalt pavement (adapted from
[20])
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ities uses incremental cost-benefit analysis [27, 74]. Incremental cost-benefit

analysis was first implemented in a pavement management system circa 1985

[75]. The analysis essentially computes the ratio of costs invested to benefits

returned for a variety of different treatment strategies. These ratios are then

ranked in numerical order and the treatment strategy selected provides the

highest ratio for the available budget.

Pavement management systems that utilise a heuristic optimisation pro-

cess ensure that a near optimal treatment strategy is selected.

1.4.2 Treatment Optimisation Methods

The scale of problems solvable to optimality is continuously increasing due

to advancements in computational facilities and improvements in optimi-

sation methodology [76]. Optimisation techniques previously used to solve

the problem of optimally scheduling pavement maintenance and rehabilita-

tion treatments are outlined over the following five sections. Of the five

techniques presented, the first three are deterministic and the final two are

stochastic techniques.

Rule-Based

Rule-based systems include very primitive prioritisation systems that rely

on direct visual assessment by content experts in their field and pavement

management systems that use traditional expert systems to provide decision

support [77].

An expert system is a software application that uses facts, knowledge,

and logic reasoning to simulate a human expert’s thought process[78]. These

systems are often limited to operate in a small specific domain.
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Expert systems traditionally have two main components: a knowledge

base and an inference engine [79]. These two components are then supple-

mented with a user interface, a memory module, and a module to facilitate

the input/editing of knowledge and facts [25].

Expert systems learn to infer the relationships between input values and

outcomes based on a set of rules. The set of rules is normally developed in

conjunction with content experts and provide the facts used by the inference

engine ‘to try and replicate the general thought process of a human expert

in a particular field’ [31].

These rule-based systems are an ideal way to retain expertise of senior

pavement engineers and to ensure a consistent approach to decision making.

It is for these reasons that expert systems were the first artificial intelli-

gence technique introduced into the field of pavement management. Expert

systems have been used to provide treatment alternatives for single distress

characteristics or single treatment types [80, 81] and for more comprehensive

decision support purposes [82, 83].

Whilst being able to produce repeatable results and eliminating inconsis-

tency in treatment selection, rule-based systems cannot guarantee an opti-

mised program of maintenance and rehabilitation treatments.

Linear and Integer Programming

Linear programming, or its integer variant, is probably the most widely used

deterministic optimisation technique utilised to solve the pavement manage-

ment and maintenance problem. ‘Many practitioners feel that the integer

programming-model is one of the most important models in management

science’ [84]. To employ linear programming, both the objective function to
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be optimised and all constraints have to be linear in nature.

A typical linear programming problem can be formulated as [84]:

Maximise
n∑

j=1

cjxj

subject to:

n∑
j=1

aijxj = bi, ∀i ∈ 1, ...,m

xj >= 0,∀j ∈ 1, ..., n

The variables used in a traditional linear programming model take the

value of fractions. The integer programming variant is one in which all

variables take integer values; mixed integer programming is a combination of

the two [76].

To solve the simplest of linear programming representations, a system of

linear inequalities composed of only two variables, the graphical method is

often utilised; the simplex method is adopted for problems of greater com-

plexity [85].

Integer programming optimisation formulations in pavement management

systems always contain greater than two variables [24, 86]. Integer pro-

gramming optimisation fails to take into account the true value of measured

characteristics that are continuous rather than discrete integer values. The

technique also does not perform well with real-world problems susceptible

to combinatorial explosion like the problem of scheduling pavement mainte-

nance and rehabilitation treatments; these problems are better suited to a

dynamic programming approach.
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Dynamic Programming

Dynamic programming is based on the principle that a problem can be broken

down into an array of smaller, more manageable, overlapping subproblems.

Once solved, the solutions to these overlapping subproblems then compile to

provide a solution to the larger problem. Thus, the ‘applicability of dynamic

programming to an optimization (sic) problem requires the problem to satisfy

the principle of optimality : an optimal solution to any of its instances must

be made up of optimal solutions to its subinstances’ [87].

Dynamic programming is suited to problems that suffer from combinato-

rial explosion and that are comprised of overlapping subproblems due to the

method in which the problem is broken down and solved. The solutions to

each of the overlapping subproblems are stored and then combined to provide

a solution to the original problem.

Problems that can be solved using dynamic programming normally have

some degree of recursion inherent in their formulation. The most common ap-

plications used to demonstrate the use of dynamic programming are change-

making problems and knapsack problems. Dynamic programming has pre-

viously been applied to the problem of scheduling pavement maintenance

and rehabilitation treatments [88–90]. Whilst viable solutions are obtained,

the dynamic programming approach is surpassed by more modern heuristic

optimisation techniques when concerned with computational efficiency.

Heuristics

Heuristic optimisation techniques are normally utilised if either insufficient

time is available, or if the complexity of the problem does not allow an
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exact solution to be obtained [91]. Heuristics can normally be categorised

into two categories: constructive techniques and improvement techniques.

Constructive techniques build a solution in a piece-by-piece process, whilst

improvement techniques take an initial solution and modify it in an attempt

to better the solution [92].

Heuristic techniques are applied to large difficult problems when an exact

solution is not required and a ‘good enough’ solution is satisfactory. A range

of different heuristic techniques have been applied to the problem of op-

timally programming pavement maintenance and rehabilitation treatments

[76]. These include Markov decision models [66], particle swarm optimisation

[16], and genetic algorithms [61, 93]. Of these techniques, genetic algorithms

have been the subject of the majority of published research and are now

discussed in the following section.

Chan et al. first applied genetic algorithms to the problem of schedul-

ing pavement maintenance projects in 1994 [94, 95]. Chan et al. describe

the formulation and analysis of ‘a computer model, PAVENET, formulated

on the operating principles of genetic algorithms to serve as an analytical

aid for pavement maintenance engineers’ [95]. PAVENET assumed that re-

habilitation treatments were not carried out within the analysis period and

solutions were represented by binary coding for small scale problems while

integer coding was used for larger scale problems. PAVENET has the capa-

bility to adhere to user stipulated constraints, allows a user to stipulate the

stopping condition, and produces best results from a larger solution pool.

Two years later in 1996, the trade-off between scheduling maintenance

and rehabilitation treatments was addressed using a genetic algorithm. Fwa
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et al. developed PAVENET-R, an adaptation of PAVENET that included

rehabilitation treatments [96]. PAVENET-R operates at the network level.

The effectiveness of PAVENET-R is demonstrated over a small network of

30 three kilometre segments. PAVENET-R demonstrates that after 100 gen-

erations, a solution is produced that minimises the total present worth of

rehabilitation and maintenance costs over a period of 20 years.

In 1998, Fwa et al. [93] presented examples to highlight a genetic algo-

rithm’s ability to accommodate varied objective functions and demonstrated

that composite objective functions could be optimised without modification

of the genetic algorithm. These examples operated at a project level with an

analysis period of 45 working days.

Pilson et al. [38] presented a multi-objective application of a genetic

algorithm that hypothesised an efficient frontier could be constructed upon

which the solutions that lie upon the frontier represented an equally optimal

solution to the multi-objective problem in 1999. Then, in 2000 Fwa et al.

[42] demonstrated that a genetic algorithm with multiple objective functions

would, over several generations, converge to a Pareto optimal front as defined

in Section 1.3.2. Pilson et al.’s study was demonstrated using a small network

of 25 segments and four maintenance treatment options, while Fwa et al.’s

study was carried out at a project level.

Genetic algorithms were further adapted for application in a pavement

management environment with hard constraints, in 2002, by Tack and Chou

[97]. In the same year, Ferreira et al. [98] compared a solution generated

from a genetic algorithm heuristic to one obtained from a branch and bound

technique from a segment linked pavement network. Tack and Chou utilised
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small pavement networks of no greater than 40 segments, while Ferreira et

al. gave example solutions from a network with 254 segments.

In addition, over the three years from 2005 to 2007, genetic algorithms

were applied to the problem of producing a multi-year schedule of pro-

grammed maintenance and rehabilitation treatments on numerous occasions

[39, 99–101]. Each application implemented a slight variation of the standard

genetic algorithm.

In summary, the majority of genetic algorithm implementations that have

previously been studied, have been very similar to the standard genetic al-

gorithm [102] and included crossover and mutation operators applied with a

random probability of occurrence. In addition, these implementations have

been applied to either theoretical problems or small real-world road net-

works, have solutions coded as a binary sequence or a string of integers, and

are normally only executed for up to a few hundred iterations. The genetic

algorithm presented in Chapters 5 and 6 of this dissertation utilises a unique

solution coding methodology, does not exhibit the concept of generations,

and has been applied to a medium-size real-world network.

1.5 Research Objectives and Contributions

Road agencies in Australia, as well as those around the world, face the chal-

lenging task of developing a multi-year optimised pavement maintenance and

rehabilitation program of works. ‘Transportation agencies are responsible for

managing the condition and usage of their infrastructure assets to ensure ac-

ceptable levels of service with the available resources’ [103].

With varying levels of resource availability annually and fluctuating bud-
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gets, road agencies are required to develop and implement multi-year works

programs that maintain the serviceability of their road network whilst often

having to take into account competing priorities and external influences. An

important trade-off at the heart of the problem is between frequent inexpen-

sive routine maintenance and expensive sporadic rehabilitation treatments

[66]. The development of multi-year programs is almost always a computa-

tionally expensive task.

The principal objective of this research is to develop one or more method-

ologies that enable scheduling of programmed maintenance and rehabilitation

treatments efficiently. A top down network level approach to generating a

multi-year optimal pavement maintenance and rehabilitation works schedule

will be presented to assist road agencies to preserve their pavement asset.

The main contributions of this dissertation are:

� A tree-based treatment selection methodology that uses rules from a

rule base and is able to identify a schedule of programmed maintenance

and rehabilitation treatments that best satisfies a given objective func-

tion while adhering to maximum condition constraints.

� A genetic algorithm based treatment selection methodology that op-

timises an objective function while meeting maximum condition con-

straints.

� A parallel genetic algorithm based treatment selection methodology

that is able to produce an optimised schedule of programmed mainte-

nance and rehabilitation treatments that satisfies maximum condition

constraints in addition to an annual budget constraint.
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1.6 Dissertation Structure

Chapter 1 of this dissertation presents a review of pavements including the

composition of different types of pavement, common distress characteristics

that impact on the performance of pavements, and optimisation techniques

used by industry to schedule pavement maintenance and rehabilitation activ-

ities. An overview of both scheduling and constraint satisfaction problems is

also presented in addition to outlines of optimisation techniques previously

applied to the problem of scheduling pavement maintenance and rehabilita-

tion works.

Chapter 2 describes the computational and benchmark environments used

during this study while Chapter 3 describes, in detail, a rule-based pavement

management system primarily used by industry to schedule programmed

maintenance and rehabilitation treatments. In addition, a benchmark road

network that will be used as a framework for comparison is presented along

with computational results.

Chapter 4 presents a tree-based treatment selection technique, outlines

results obtained by utilising this newly developed technique with the bench-

mark road network, and offers some comparison commentary.

Chapter 5 presents a genetic algorithm treatment selection technique,

results generated from the benchmark road network, and a comparison to

the rule-based pavement management system used by industry. Chapter 6

presents a parallel implementation of the genetic algorithm treatment selec-

tion technique detailed in Chapter 5 to produce a program of maintenance

and rehabilitation treatments to meet a hard budget constraint.

Chapter 7 contains a comparative analysis of the results obtained by the
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different pavement management optimisation methods implemented for this

study. Finally, a summary of the overall results and conclusions is presented

in Chapter 8 along with avenues for future research.
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Chapter 2

Computational Environment

2.1 Computer Hardware and Software

The computational experiments for this study were all performed on a School

of Information and Communication Technology 80 node cluster of Intel PCs.

All software was developed by the author, is written in C++ and is available

at https://www.ict.griffith.edu.au/~s994853/Glen/ with a username

of glen and a password of phdthesis. The developed software is stored within

the four zip files identified in Table 2.1.

Table 2.1: Developed software
Algorithm Zip file Number of source files Lines of code

Genetic Algorithm GAS 6 2079
Parallel Genetic Algorithm PGA 7 2132

Rule Based RBS 3 560
Tree based TBS 3 802

2.2 Benchmark Road Network

Road network condition data for the state-controlled road network in Queens-

land, Australia has been provided by the Queensland Department of Trans-

port and Main Roads for the purpose of establishing a benchmark for com-

parison. This state road network of Queensland is depicted in Figure 2.1.
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Figure 2.1: Map of Queensland’s state-controlled road network [104]

The primary benchmark road network used to facilitate these comparisons

consists of a collection of 1,335 road segments that make up 59 roads from
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the South Coast Region’s road network in Queensland, Australia. The vast

majority (93.3 percent) of segments are one kilometre in length, with the

length of all remaining segments being between 10 and 980 metres. Each

segment is surfaced with either an asphalt or spray seal surfacing and is

categorised as being of flexible or semi-rigid construction. The breakdown

of segment surfacing is 38.95% asphalt and 61.05% spray seal, while 82.32%

is of flexible construction and 17.68% semi-rigid. In addition to the primary

network, to demonstrate the scalability of the tree-based pavement treatment

selection technique presented in Chapter 4, road networks of between 5,000

and 25,000 segments are utilised. These road networks are also comprised of

segments from the state-controlled road network in Queensland, Australia.

To better understand the initial condition of the primary benchmark road

network, Figures 2.2, 2.3, and 2.4 depict the distribution of the network’s Av-

erage Annual Daily Traffic (AADT), average roughness, and average rutting

respectively.

Figure 2.2: AADT distribution for 1,335 segment benchmark road network.
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Figure 2.3: Initial roughness (IRI) distribution for 1,335 segment benchmark
road network.

Figure 2.4: Initial rutting (millimetres) distribution for 1,335 segment bench-
mark road network.

2.3 Benchmark Road Treatments

Each treatment has a defined benefit (improved pavement condition), that

is realised once the treatment is applied, in addition to a monetary cost of

applying the treatment. The treatments used in this study are a selection of

those used when modelling the state controlled road network in Queensland.

The treatments are:

44



� Rehabilitation − is the highest cost treatment alternative and offers

the greatest defined benefit.

� Correct and Seal − includes a surface correction in addition to a sprayed

seal. This treatment alternative is only available for application to

segments with an existing sprayed seal surface.

� Correct and 30mm Asphalt Overlay − includes a surface correction in

addition to an asphalt overlay with 30 millimetres of asphalt. This

treatment alternative can only be applied to segments with an asphalt

surface.

� Correct and 45mm Asphalt Overlay − includes a surface correction in

addition to an asphalt overlay with 45 millimetres of asphalt. This

treatment alternative is only available for application to segments with

an existing asphalt surface.

� 30mm Asphalt Overlay − an asphalt overlay with 30mm of asphalt,

only applicable to segments already surfaced with asphalt.

� 45mm Asphalt Overlay − an asphalt overlay with 45mm of asphalt,

only applicable to segments already surfaced with asphalt.

� Fabric Reseal − includes the application of a geo-textile, primarily used

for crack suppression, followed by a sprayed seal.

� Reseal − is a sprayed seal resurface only applicable to segments with

an existing sprayed seal surface.

The cost of applying each treatment along with the treatment identifier

used in the remainder of this study is tabled in Table 2.2.

Table 2.3 outlines the improved pavement condition for a selection of

treatments that may be applied to a pavement segment with a spray seal
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Table 2.2: Benchmark road treatments
Identifier Treatment Unit Rate ($/m 2)
ST1 Rehabilitation $58.00
ST2 Correct and Seal $14.00
ST3 Correct and 30mm Asphalt Overlay $29.00
ST4 Correct and 45mm Asphalt Overlay $39.00
ST5 30mm Asphalt Overlay $25.00
ST6 45mm Asphalt Overlay $33.00
ST7 Fabric Reseal $11.00
ST8 Reseal $7.00

surface. Each defined benefit value takes the form of By X or To Y, where

X is the applicable reduction/increase to the value of that attribute and Y

is the new value of the indicated attribute. The table stipulates that upon

completion of a Correct and Seal treatment the segment’s rutting, cracking

and surface age attributes are all reset to zero, while roughness is reduced

by 0.99 IRI. Applying a reseal or fabric reseal to the same segment has no

effect on its roughness or rutting.

Table 2.3: Sample defined benefit following treatment application
Attribute ST2 ST7 ST8
Roughness By -0.99 By 0 By 0
Rutting To 0 By 0 By 0
Cracking To 0 To 0 To 0
Surface Age To 0 To 0 To 0

The RBS and TBS treatment selection techniques presented in Chapters

3 and 4 apply all available treatments as per a rule base of rules, however

the treatment techniques in Chapters 5 and 6 differentiate between those

treatments that may be applied to a seal surface and those that may be

applied to an asphalt surface. Table 2.3 contains those treatments that may

be applied to a seal surface and the Standard Treatments (ST) applicable

to a pavement segment surfaced with an asphalt surface are ST1, ST3, ST4,

ST5, and ST6.
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2.4 Benchmark Deterioration Models

The treatment selection algorithms presented over the following chapters

use a series of recursive deterioration models to deteriorate each pavement

condition attribute for those years within which a treatment is not applied.

Recursive models stipulate an annual increase/decrease for each attribute

based on the age of the surface in that year. Figure 2.5 depicts sample recur-

sive deterioration models for surface age and cracking percentage attributes,

for a typical pavement segment with a spray seal surface. As expected the

annual change in value for a segment’s surface age is one, that is every year

the age of the surface increases by one year provided that no treatment has

been applied in that year. The recursive cracking model shows that a spray

seal has to reach 14 years of age prior to cracking.

Figure 2.5: Cracking and surface age recursive deterioration models for a
sample spray sealed pavement segment.

Of the sample roughness and rutting recursive models in Figure 2.6, rut-

ting increases at a rate of 0.7 millimetres annually while the rate of dete-

rioration of a segment’s roughness increases as the surface of the pavement
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segment ages.

Figure 2.6: Roughness and rutting recursive deterioration models for a sam-
ple spray sealed pavement segment.

The recursive deterioration models used in the following chapters are

based on those used when modelling the state controlled road network in

Queensland. Each pavement segment in the benchmark road network is cat-

egorised using the segment’s surrounding environment, material composition,

and AADT volume. A deterioration model is then paired with each condi-

tion attribute for each pavement segment category based on the previous

treatment applied to the segment. Thus, each attribute of each segment in

the benchmark road network has one of 768 possible recursive deterioration

models.

48



Chapter 3

Rule-Based PMS Optimisation

Rule-based Pavement Management Systems are the decision support system

most commonly used by road authorities worldwide. This chapter describes

an implementation of a Rule-Based pavement management System (RBS),

and presents experimental results used as a basis for comparison with the

new treatment selection algorithms defined in Chapters 4 through 6.

3.1 Algorithm

The RBS employed as a benchmark comparison for this study utilises a bank

of rules that are progressively applied to develop a program of programmed

maintenance and rehabilitation treatments. The rule base consists of 29 rules

that are ordered in a hierarchical list in decreasing order of treatment benefit.

These 29 rules are based on a project rule set employed by the Queensland

Department of Transport and Main Roads when managing the state con-

trolled road network in Queensland. The sample in Table 3.1 provides an

example of the general format of RBS rules. These sample rules utilise three

segment attributes: AADT, the segment’s surface, and its measure of rutting.

Those rules that evaluate condition data against criterion values for treat-
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Table 3.1: Sample RBS rules
Attribute Criterion

Treatment
AADT Surface Rutting

Reseal - = ‘Spray Seal’ <8 mm
50 mm AC overlay >5001 = ‘Asphalt’ <10 mm

Correct + 50 mm AC overlay >5001 = ‘Asphalt’ >10 mm

Where: AADT is the Average Annual Daily Traffic volume; AC is asphalt concrete;
and Correct is a surface correction treatment

ments that provide the greatest benefit are normally checked first. Then each

rule with progressively less benefit, and inherently less onerous criteria, is sys-

tematically evaluated for each pavement segment. As a result, the rules are

progressively evaluated and applied in a hierarchical fashion. Each rule may

trigger one of eight possible treatments (see Table 2.2) based on a pavement

segment’s AADT, roughness, rutting, cracking, seal age, and the type of en-

vironment the segment resides within. Every rule has one or more criteria

that are evaluated and a treatment is triggered based on the result of the

evaluation. The same treatment may be triggered by several of the RBS

rules. The majority of treatments in this RBS implementation are triggered

by two or three rules; however, the ‘Correct and Seal’ treatment (ST2) could

be triggered by any one of eight rules. These various rules are required to en-

sure the numerous possible combinations of a pavement segment’s attributes,

to which a specific treatment should apply, are addressed in the RBS.

Like the vast majority of RBS implementations, only a single treatment

can be applied to each individual pavement segment each year. In a multi-

year analysis period, if a segment fails to trigger a treatment from any rule

in a given year then the segment condition is deteriorated according to the

applicable deterioration model stored in the pavement management system.

This RBS’s deterioration models are recursive models that define the rate
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at which an attribute deteriorates relative to its current value [105]. Each

pavement segment is categorised using the segment’s surrounding environ-

ment, material composition, and AADT volume, with each category having

a series of recursive deterioration models. The segment condition attributes

taken into account are roughness, rutting, cracking, and seal age.

3.2 Computational Results

The primary benchmark road network detailed in Section 2.2 was utilised

by the RBS to produce a single schedule of programmed maintenance and

rehabilitation treatments. The schedule was produced in an execution time

of 0.93 seconds. The implemented algorithm was coded to execute on a single

computer processor to produce a schedule of treatments for a twenty year

analysis period.

3.2.1 Solution Composition

Table 3.2 provides a detailed breakdown of the treatments triggered by RBS.

Over the twenty year analysis period the RBS solution requires 2,538 in-

dividual treatments. The RBS solution generally contains more lower cost

‘holding’ treatments than higher cost rehabilitation treatments. A hold-

ing treatment is a treatment that will not rectify all defects or condition

attributes for a segment but is applied to reset an individual condition at-

tribute. For example applying a sprayed seal to a rutted pavement will not

address the rutting but it will reset any cracking. A total of 1,391 relatively

inexpensive reseals (ST8) were scheduled throughout the twenty year analysis

period; however, only 82 expensive rehabilitation treatments were triggered.

This large number of reseals can be attributed to the seal age criteria defined
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Table 3.2: RBS solution composition
Year Treatment Alternative Applied Total

ST1 ST2 ST3 ST4 ST5 ST6 ST7 ST8
1 48 0 0 0 152 186 28 211 625
2 0 0 0 0 11 14 0 27 52
3 0 0 0 0 13 13 0 29 55
4 2 0 0 0 5 6 0 50 63
5 0 0 0 0 15 8 0 59 82
6 0 0 0 0 10 17 0 96 123
7 0 0 0 0 11 18 0 55 84
8 1 0 0 0 26 17 0 53 97
9 3 0 0 0 10 6 0 33 52
10 4 0 0 0 8 11 0 44 67
11 1 0 0 0 5 4 0 23 33
12 2 0 0 0 0 11 0 21 34
13 1 0 0 0 121 161 0 327 610
14 1 0 0 0 10 13 0 30 54
15 5 0 0 0 10 11 0 31 57
16 2 0 0 0 4 9 0 48 63
17 4 0 0 0 14 8 0 57 83
18 4 0 0 0 9 17 0 93 123
19 2 0 0 0 11 20 0 52 85
20 2 0 0 0 25 17 0 52 96

Total 82 0 0 0 470 567 28 1391 2538

in the rules that trigger ST8. These rules trigger a reseal if the segment’s seal

age is greater than ten years and the segment has not triggered any other

treatment in the given year.

Treatment alternatives ST2, ST3, and ST4 were not triggered by the RBS.

These treatments each have a surface correction component and a resurfacing

component and were not triggered due to each of these treatments requiring

a combination of roughness, rutting, and seal age criterion to be activated.

Thus, when the rutting criteria were not exceeded the ‘corrector’ component

of the treatment were not required and a resurfacing treatment would be

applied to the pavement segment by RBS.

52



Figure 3.1: RBS − profile of annual spend for each year of the work program
produced by the RBS algorithm.

3.2.2 Total Spend and Spend Profile

The total budget required for the RBS solution over the twenty year analysis

period is computed to be $668,420,840. When discounted with a rate of 7%

per annum, the Net Present Value (NPV) of the RBS solution is $413,467,307.

As shown in Figure 3.1, the RBS solution requires a significant allocation in

the 1st and 13th years. The RBS algorithm is designed to trigger a treatment

as soon as any one of the 29 rules in the rule base is satisfied. Thus, the

first budget spike in Year 1 of $215,705,000 is due to the initial road network

condition. It can be deduced from the rule base rules that trigger ST8, that

the spike in Year 13 of $177,952,000 is due to numerous spray seal surfaced

sections reaching the arbitrarily defined maximum seal age of ten years. In all

other years the RBS solution requires an average annual spend of $15,264,658.

This RBS spend profile presents a potential problem as it is very unlikely

that this degree of funding variance could be accommodated in a real-world

scenario. In such scenarios, a more normalised annual funding requirement
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is preferred.

3.2.3 Modelled Attributes

Figure 3.2: RBS − comparison of average road segment roughness (IRI), for
each year of the work program produced by the RBS algorithm.

Figure 3.3: RBS − profile of average road segment rutting (millimetres), for
each year of the work program produced by the RBS algorithm.

Figure 3.2 depicts the average roughness of the benchmark road network

over the twenty year analysis period, while Figure 3.3 details the average

rutting. These figures show that both the average roughness and average
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rutting typically increase with each year of the analysis period. The only

years in which these two attributes decrease are those years that correspond

to the spikes in required funding, Years 1 and 13.

Over the analysis period, the net increase in average roughness is limited

to only 5.08 × 10-2 International Roughness Index (IRI). Given that the

roughness deterioration rates used in this RBS are in the order of 0.9 - 2.0 IRI

per annum, it can be deduced that a significant proportion of the benchmark

road network is treated at least once throughout the analysis period with

either ST1, ST5, or ST6. The defined benefit of each of these three treatments

includes a reduction of segment roughness. In contrast, the average rutting

across the benchmark road network more than doubles throughout the course

of the analysis period; an increase of 5.212 millimetres. Treatments ST1,

ST5, and ST6 all effectively reset a segment’s rutting value when applied.

The significant increase in average rutting can be attributed to the relative

timing of the majority of these treatments in Years 1 and 13 of the analysis

period, along with the modelled deterioration of 0.5 to 1.0 millimetres per

year.

The RBS roughness and rutting distributions depicted in Figures 3.4 and

3.5 show the distribution of each respective attribute at the end of the twenty

year analysis period. Interestingly, the RBS solution appears to collate those

segments with higher or lower roughness values and produces a solution for

which the roughness values are distributed through the approximate range 1.7

IRI to 5.7 IRI. The distribution of rutting values after the analysis period

is visibly different to the initial distribution, with a selection of segments

having a rutting value of greater than 10 millimetres.
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Figure 3.4: RBS − distribution of road segment roughness (IRI) for the
initial benchmark and at the end of the 20th year using the work program
produced by the RBS algorithm. There is no maximum roughness value.

Figures 3.6 and 3.7 show the average cracking and average surface age

of the benchmark network throughout the analysis period. As expected, the

large number of reseal and resurfacing treatments triggered by RBS ensures

that the average cracking percentage is maintained at less than 0.5% in each

year of the analysis period. The arbitrarily defined maximum surface age

criteria of ten years that is used in the rule base to trigger ST5, ST6, and

ST8 ensures that the average surface age across the network does not exceed

eight years in any of the analysis years.

It is evident from the RBS cracking distribution in Figure 3.8 that the

majority of network segments exhibit very minor ( <3% ) cracking at the

end of the analysis period. This can be attributed to the number and type
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Figure 3.5: RBS − distribution of road segment rutting (millimetres) for the
initial benchmark and at the end of the 20th year using the work program
produced by the RBS algorithm. There is no maximum constraint for rut
depth.

Figure 3.6: RBS − comparison of average road segment cracking percent, for
each year of the work program produced by the RBS algorithm.
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Figure 3.7: RBS − profile of average road segment surface age (years), for
each year of the work program produced by the RBS algorithm.

Figure 3.8: RBS − distribution of road segment cracking percent for the
initial benchmark and at the end of the 20th year using the works program
produced by the RBS algorithm. There is no maximum constraint for per-
centage cracked.
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Figure 3.9: RBS − distribution of road segment surface age (years) for the
initial benchmark and at the end of the 20th year using the work program
produced by the RBS algorithm. There is no maximum constraint for surface
age.

of treatments generated by the RBS algorithm which are the reason that the

RBS surface age distribution depicted in Figure 3.9 has minimal segments

with a surface age greater than 13 years.

3.3 Conclusion

The RBS presented in this chapter produces a single schedule of programmed

maintenance and rehabilitation treatments. All rule-based techniques are

deterministic processes that, if provided with the same input, will produce

identical output. These techniques check and apply a single rule as soon as

it is triggered, even if a different attribute reaches a trigger threshold from
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an alternate rule and thus triggers another treatment the very next year. An

RBS is akin to a greedy approach as it does not provide Asset Managers the

flexibility of optimising road network conditions for a given objective func-

tion. In addition, an RBS does not have the ability to optimise the treat-

ment schedule it produces; there is no guarantee that the schedule produced

is an optimal, or even near-optimal, solution to the problem of programmed

maintenance and rehabilitation treatment scheduling. Each RBS is heavily

dependent on the rules within its rule base and the order in which these rules

are evaluated. A new tree-based treatment selection technique which aims

to address several of the limitations outlined above, is presented in Chapter

4.
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Chapter 4

Deterministic PMS
Optimisation

This chapter outlines a new Tree-Based pavement management System (TBS)

and presents results of computational experiments that are analysed and

compared to those of the RBS presented in Chapter 3. While still being a

deterministic technique, TBS aims to address several of the RBS limitations

identified in Section 3.3. Namely, TBS is able to evaluate all possible com-

binations of the rules within a rule-base and produce the treatment schedule

that best satisfies a given objective function. Whilst TBS still is not able to

produce a truly optimal solution, nor guarantee a near-optimal solution, the

schedule produced is the best possible solution for the supplied rule base.

The TBS approach addresses the RBS’s heavy dependence on the order in

which its rules are evaluated and also effectively evaluates if a particular

treatment should be applied in a later year, instead of the current year, or

if an alternative holding treatment can be applied to minimise expenditure

over the analysis period.
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4.1 Algorithm

The TBS treatment selection methodology presented in this section is based

on the concept of a tree. For each year of the analysis period, each road net-

work segment has a finite number of alternative treatment options. These

options are limited to the number of treatment alternatives plus a ‘do noth-

ing’ option which equates to the pavement segment deteriorating in accor-

dance with known deterioration models. In line with the tree analogy, each

alternative in TBS is represented as a node and each edge between nodes in

subsequent years represents a selection possibility.

Figure 4.1: Treatment tree showing a portion of the possible treatment op-
tions (Ti) that a TBS must evaluate for road segment S1 over a three year
period

Figure 4.1 shows a portion of a tree developed for a single pavement

segment (S1) over a three year analysis period with three possible treatments

(T1, T2, T3) of which one is the ‘do nothing’ option. Figure 4.1 depicts only
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a portion of the treatment tree as the full treatment tree would include

each alternative as a node in the year following that in which a treatment

alternative is applied.

In a full tree developed using TBS, each set of edges that form a path that

traverses the duration of the analysis period represents a solution that corre-

sponds to a programmed maintenance and rehabilitation treatment program

for a single pavement segment. The total number of possible solutions for a

moderate-sized network of 1,000 road segments, with eight treatment alter-

natives over a twenty year analysis period is ((1.0 × 103)8)20 = 1.0 × 10480.

Assuming that a computer can build and evaluate 100 solutions (full tree

branches) a second, to select the best work program for the 1,000 segment

road network, this computer would take 3.17 × 10471 years to identify the

optimal program(s).

However, implementing a tree trimming (or back-tracking) mechanism

whenever a portion of a solution is found to not meet the desired road con-

dition criteria substantially reduces this evaluation time. The process of tree

trimming is electing to not continue traversing down a branch from a node

whenever no complete feasible solutions could possibly exist utilising subse-

quent nodes on the branch of the tree. Selective trimming to significantly

reduce the size of the tree can be undertaken using a variety of techniques.

To ensure optimal performance, those branches that are not conducive to

producing an optimal solution must be identified as early as possible. This

approach greatly reduces the branches to be traversed and thus, the number

of complete solutions evaluated. TBS employs the following two trimming

techniques:
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� A tree branch is removed (trimmed) whenever the solution developed

to this point violates a maximum roughness, rutting, or cracking con-

straint. To facilitate this trimming, current values for each criteria

must be stored and evaluated at each tree node.

� It is possible to utilise rules from an RBS to trim the tree. Typically,

an RBS will contain rules that eliminate a treatment alternative from

being applied to a particular segment due to the surface type, condi-

tion, or volume of traffic that traverses the road segment. Simplified

examples of these rules are detailed in Table 3.1. To facilitate this

trimming option, attributes of each pavement section must be known

and evaluated against the requirements for each treatment alternative

at each tree node.

Algorithm 4: TBS - algorithm

Input: a string treats containing the treatment/s applied to the
segment and an integer yr identifying the year of the analysis
period.

Output: an optimised solution for the segment.
1 if yr equals analysis period plus one then
2 if solution satisfies constraints then
3 if a previous solution has been found for the segment then
4 if total spend of new solution is less than previous solution

then
5 store solution as new minimum

6 else
7 store solution as new minimum

8 return

9 foreach treatment in analysis do
10 add treatment to treats at position yr
11 if treatment satisfies a rule in the rule base then
12 Tree-based search (treats, yr + 1)
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The recursive algorithm employed by TBS to develop an optimum solu-

tion for an individual segment is detailed in Algorithm 4. Once the optimal

solution for each individual segment is identified, the solutions are combined

to make up the optimal solution for the full road network.

The first tree trimming technique, which verifies that the solution con-

structed so far does not violate the maximum roughness, rutting, or cracking

constraints, is at line two of the algorithm. The second tree trimming tech-

nique which utilises the rule base to determine treatment applicability is at

line eleven. Each of these techniques is straightforward so the details are not

shown.

4.2 Computational Results

The major objectives of these computational experiments were to compare

the performance and solution quality generated by TBS with those of the

RBS presented in Chapter 3 utilising the benchmark road network described

in Section 2.2 over a twenty year period. In addition, the performance of the

TBS is evaluated on road networks of various sizes and the impact of tree

trimming is evaluated.

TBS, as described above in Section 4.1, aims to produce a schedule of pro-

grammed maintenance and rehabilitation treatments that adheres to given

maximum condition constraints. The maximum constraints applied in these

computational experiments are a roughness measure of 5.71 International

Roughness Index (IRI), a rutting value of 25 millimetres, and a cracking

percentage of 60 percent. The objective of the TBS is to minimise total

expenditure whilst ensuring that all annual condition values are less than
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these maximum constraints. For the TBS, the rule base utilised by the RBS

in Chapter 3 is used to trim the branches of the treatment tree during the

traverse and a maximum constraint criterion for each of the surface condi-

tion attributes is checked from year one and applied once the full solution is

developed. To evaluate the effectiveness of these trimming techniques, the

results of a TBS without trimming are also presented in Table 4.1.

Table 4.1: Computation comparison between RBS and TBS

Technique CPU time (secs)
Individual

Nodes Traversed
Total Solutions

Generated
RBS 0.93 - 1

TBS 42.21 7,433,307 226,064

TBS (without
trimming)

50,000.00 1.619× 1011 1.439× 1011

The traditional RBS approach produced a single solution in the shortest

execution time of 0.93 seconds. TBS executed for 42.21 seconds during which

7,433,307 nodes from the 1,335 trees were traversed and 226,064 complete

solutions generated and evaluated. TBS (without trimming) executed for

50,000 seconds, 1.619×1011 nodes were traversed, and 1.439×1011 complete

solutions were generated and evaluated

The proportion of complete solutions that TBS (without trimming) gener-

ated and evaluated in 50,000 processor-seconds is 1.439×1011 of the possible

1.335 × 10540 complete solutions, which equates to 1.078 × 10-529% of the

solutions that make up the total solution space. In comparison, TBS gen-

erated and evaluated all feasible solutions for the given rule set. Assuming

that each possible solution is represented by a single grain of sand and each

individual grain has a volume of 0.5 cubic millimetres. In 50,000 processor

seconds, TBS (without trimming) generated and evaluated the equivalent of

66



17.98 cubic metres of sand from a possible 1.669× 10530 cubic metres.

Table 4.2: TBS − performance with varying road network sizes
Network Size
(segments)

CPU Time
(secs)

Individual
Nodes Traversed

Total Solutions
Generated

1335 42.21 7.433× 106 226,064

5000 208.06 3.508× 107 1.054× 106

10000 445.64 7.322× 107 2.251× 106

15000 634.14 1.052× 108 3.210× 106

20000 841.02 1.382× 108 4.195× 106

25000 1024.30 1.683× 108 5.093× 106

Figure 4.2: TBS − performance of TBS algorithm on networks of increasing
size.

Table 4.2 presents the results of executing TBS over increasingly larger

road networks. The results indicate and Figure 4.2 confirms that the rela-

tionship between the road network size and each of the CPU execution times,

the number of individual nodes traversed, and the total number of solutions

generated by the TBS is approximately linear. Even over a large network of

25,000 pavement segments TBS executes in a very reasonable 17 minutes.
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Table 4.3: TBS / RBS solution composition
Year Treatment Alternative Applied Total

ST1 ST2 ST3 ST4 ST5 ST6 ST7 ST8
1 53/48 0/0 0/0 0/0 3/152 1/186 0/28 0/211 57/625
2 28/0 0/0 0/0 0/0 13/11 4/14 0/0 0/27 45/52
3 7/0 0/0 0/0 0/0 12/13 11/13 0/0 0/29 30/55
4 19/2 0/0 0/0 0/0 12/5 18/6 0/0 0/50 49/63
5 39/0 0/0 0/0 0/0 6/15 15/8 0/0 0/59 60/82
6 15/0 0/0 0/0 0/0 22/10 48/17 0/0 0/96 85/123
7 42/0 0/0 0/0 0/0 15/11 16/18 0/0 0/55 73/84
8 72/1 0/0 0/0 0/0 15/26 16/17 0/0 0/53 103/97
9 47/3 0/0 0/0 0/0 7/10 10/6 0/0 0/33 64/52
10 29/4 0/0 0/0 0/0 17/8 38/11 0/0 0/44 84/67
11 31/1 0/0 0/0 0/0 16/5 15/4 0/0 0/23 62/33
12 42/2 0/0 0/0 0/0 11/0 12/11 0/0 0/21 65/34
13 62/1 0/0 0/0 0/0 10/121 13/161 0/0 0/327 85/610
14 75/1 0/0 0/0 0/0 9/10 7/13 0/0 0/30 91/54
15 46/5 0/0 0/0 0/0 13/10 13/11 0/0 0/31 72/57
16 39/2 0/0 0/0 0/0 11/4 14/9 0/0 0/48 64/63
17 26/4 0/0 0/0 0/0 15/14 16/8 0/0 0/57 57/83
18 38/4 0/0 0/0 0/0 25/9 15/17 0/0 0/93 78/123
19 22/2 0/0 0/0 0/0 15/11 4/20 0/0 0/52 41/85
20 29/2 0/0 0/0 0/0 0/25 0/17 0/0 0/52 29/96

Total 761/82 0/0 0/0 0/0 247/470 286/567 0/28 0/1391 1294/2538

4.2.1 Solution Composition

Table 4.3 provides a detailed breakdown of the treatments selected by both

the RBS and TBS. The TBS solution utilises 1,294 individual treatments

over the twenty year analysis period while the RBS solution requires 2,538

individual treatments. From a review of the solutions detailed in Table 4.3 it

is evident that, in all but eight of the twenty years in the analysis period, RBS

triggered more treatments than TBS. The RBS solution generally contains

more lower cost holding treatments with very few higher cost rehabilitation

treatments. In comparison, the TBS solution includes, in all years except

year three, a minimum of fifteen high cost rehabilitation treatments in each

analysis year and no lower cost holding treatments.

Treatment alternatives ST2, ST3, and ST4 were not triggered by RBS

or TBS. These treatments each have a surface correction component and a
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resurfacing component and were not triggered due to each of these treatments

requiring a combination of roughness, rutting, and seal age criterion to be

activated. Thus, when the rutting criteria was not exceeded, the correction

component of the treatment was not required and a resurfacing treatment

would be applied to the pavement segment by either RBS or TBS.

4.2.2 Total Spend and Spend Profile

Figure 4.3: TBS / RBS − comparison of annual spend for each year of the
work program produced by the TBS and RBS algorithms.

The total budget required for the TBS solution executed over the twenty

year analysis period is computed to be $550,235,100. When discounted

at a rate of 7% per annum, this reduces to a NPV of $287,880,562. This

equates to 69.63% of that required by the RBS solution which had a NPV of

$413,467,307.

Figure 4.3 shows a comparison of the annual spend for the RBS solution to

that for the TBS solution. The RBS solution requires a significant allocation

in the first year, primarily due to the initial road network condition, while

the TBS solution spreads the initial funding peak over years 2 through 9.
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In all remaining years, other than years 8 and 13, both solutions require a

similar more realistic annual spend. In Year 8 the TBS solution requires

an allocation of $80,919,200 whilst in Year 13 the RBS solution requires a

significant fund allocation of $177,952,000.

4.2.3 Modelled Attributes

Figure 4.4: TBS / RBS − comparison of average road segment roughness
(IRI), for each year of the work program produced by the TBS and RBS
algorithms.

The roughness comparison depicted in Figure 4.4 shows that, although

fewer in number, the higher cost rehabilitation treatments triggered by the

TBS result in a lower average roughness in Years 6 through 20 of the analysis

period. As shown in Figure 4.6, all roughness results are below the maximum

allowed criteria of 5.71 IRI for the analysis period. The roughness distribu-

tion shows a tight grouping with the majority of segments spanning a range

of approximately 1 IRI.

The average rutting for both the RBS and TBS solutions shown in Figure

4.5 initially increases over the first five years due to the condition of the road
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Figure 4.5: TBS / RBS − comparison of average road segment rutting (mil-
limetres), for each year of the work program produced by the TBS and RBS
algorithms.

network in Year 0. However, as new rehabilitation treatments are triggered

through the analysis period, average rutting for the TBS solution plateaus,

while average rutting for RBS continues to increase throughout the analysis

period as low cost holding treatments typically do not address pavement de-

formation. Figure 4.7 confirms that all rutting values in Year 20 are below

the maximum rutting value of 25 millimetres with the majority of segments

exhibiting rutting values at the lower end of the allowable scale. Both average

roughness and rutting figures indicate an improvement in network condition

between Years 12 and 13 for the RBS solution. This aligns with the increased

annual spend in year 13. Overall the TBS exhibits reduced average rough-

ness and rutting due to the number and type of treatments included in the

solution.

Figures 4.8 and 4.9 depict the average cracking percentage and surface age

for the solutions generated from both TBS and RBS. Figure 4.8 shows that

compared to the RBS solution, the average cracking percentage from the TBS
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Figure 4.6: TBS − distribution of road segment roughness (IRI) for the
initial benchmark and at the end of the 20th year using the work program
produced by the TBS algorithm. The maximum allowed roughness is 5.71
IRI and the solution produced using the TBS algorithm satisfied this.

solution is significantly greater. This percentage peaks at 8.12% in year 7

and then gradually reduces to 5.33% in year 20. The significantly increased

average cracking percentage can be attributed to the reduced number of

treatments triggered by TBS.

As outlined in Table 4.3, the large number of lower cost holding treat-

ments triggered by RBS effectively ensure that the surface of each individual

pavement segment is renewed and cracks sealed at regular intervals. The

cracking percentage for each pavement segment in the TBS solution is less

than the maximum cracking criterion of 60%. This is confirmed by the dis-

tribution in Figure 4.10. where the vast majority of network segments are
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Figure 4.7: TBS − distribution of road segment rutting (millimetres) for
the initial benchmark and at the end of the 20th year using the work pro-
gram produced by the TBS algorithm. The maximum allowed rutting is 25
millimetres and the solution produced using the TBS algorithm satisfied this.

Figure 4.8: TBS / RBS − comparison of average road segment cracking
percent, for each year of the work program produced by the TBS and RBS
algorithms.
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Figure 4.9: TBS / RBS − comparison of average road segment surface age
(years), for each year of the work program produced by the TBS and RBS
algorithms.

less than 10% cracked.

The cracking deterioration models used in this study typically predict

cracking will start to occur around Year 7 or 8, thus it follows that the

average surface age for the TBS solution is greater than that for the RBS

solution for each year in the analysis period. Figure 4.9 shows that through

out the entire analysis period the average surface age hovers between 9 and

11 years. In addition there are no distinct, sharp peaks or troughs as the

number of treatments applied is fairly consistent each year of the analysis

period. No maximum criteria value was placed on the surface age for either

the RBS or the TBS. The TBS surface age distribution is wide ranging with

a selection of surface ages greater than twenty years.

4.3 Conclusion

In this chapter TBS was presented and then applied in computational exper-

iments using the benchmark road network described in Section 2.2. These
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Figure 4.10: TBS − distribution of road segment cracking percent for the
initial benchmark and at the end of the 20th year using the work program
produced by the TBS algorithm. The maximum allowed cracking percent is
60% and the solution produced using the TBS algorithm satisfied this.

results were than compared to those produced by the more traditional RBS.

In addition, the performance of TBS on road networks of up to 25,000 seg-

ments has been evaluated.

The NPV of the TBS solution for a twenty year analysis period totalled

$287,467,307 which is a saving of over $125 million when compared to that

produced by the RBS. TBS was able to successfully evaluate if a particular

treatment should be applied in a later year, instead of the current year, or if

an alternative holding treatment should be applied while ensuring that the

solution produced adhered to specified maximum condition constraints. TBS

evaluated all feasible solutions against an objective function in an acceptable
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Figure 4.11: TBS − distribution of road segment surface age (years) for the
initial benchmark and at the end of the 20th year using the work program
produced by the TBS algorithm. There is no maximum constraint for surface
age.

execution time and provided an optimal treatment schedule for a given rule

base.

TBS, like RBS described in Chapter 3, is a deterministic technique that,

if provided with the same input, will produce identical output. There is

no guarantee that this solution is an optimal or a near-optimal solution for

the given road network. In addition, each tree is traversed depth first and

the network solution produced is the summation of the trees produced for

each network segment. Thus, the tree-based approach is not conducive to

the application of an annual budget constraint as the annual spend profile

of the final solution is not known until a final tree is produced for the last
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network segment. The genetic algorithm-based treatment selection technique

documented in Chapter 5 aims to address these limitations.
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Chapter 5

Heuristic PMS Optimisation

A new Genetic Algorithm-based pavement management System (GAS) is

presented in this chapter along with results of computational experiments

that are analysed and compared to those of the RBS presented in Chapter

3. This new stochastic technique aims to address several of the RBS and

TBS limitations identified in Sections 3.3 and 4.3 respectively. By definition,

stochastic algorithms are able to produce different output when provided

with the same input. In addition, GAS does not rely on a rule base to define

the boundary of its search space, rather it is able to search an entire solution

space of all possible solutions to produce an optimal or near-optimal solution.

5.1 Algorithm

The overall framework of the GAS algorithm follows the general principles of

the standard genetic algorithm overviewed in Section 1.3.2 but is tailored for

application to the selection of programmed maintenance and rehabilitation

treatments function as follows:

The execution time for the GAS algorithm is provided as an argument to

the function call with the algorithm cycling through as many iterations as

78



Algorithm 5: GAS - algorithm

Input: an execution time of t seconds; a solution pool of valid
solutions; a rulebase of condition rules; a set of
maximumcondition constraints;

Output: an optimised program of pavement maintenance and
rehabilitation treatments.

1 while execution time t not exceeded do
2 select two different solutions from pool
3 perform crossover operation
4 foreach child do
5 if child is an improvement then
6 child replaces worst solution in pool

7 select three different solutions from pool
8 foreach selected solution do
9 perform mutation operation

10 process remainder of mutated solution according to rules in
rulebase

11 if mutated solution is an improvement then
12 mutated solution replaces worst solution in pool

possible during the given time period. During each iteration, two crossover

children are produced and evaluated as well as three mutated solutions.

Each solution in GAS consists of a vector of segments with each segment

containing a vector of year elements where each year element consists of

a treatment identifier, a cost, and values for roughness, rutting, cracking,

and seal age. Figure 5.1 provides a diagrammatic representation of a GAS

solution.

Unique features of GAS include the solution pool being kept relatively

small and parent solutions for crossover and mutation operators are chosen

randomly. In addition, there is no concept of generations and improved so-

lutions are immediately added to the pool. It is the combination of these

innovative features that together represent an advancement to those genetic
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Figure 5.1: Diagrammatic representation of a GAS solution

algorithms that have previously been applied in the field of pavement mainte-

nance treatment selection. The genetic operators of GAS function as follows:

� Crossover Operator − operates at the segment level by selecting a

random segment and performing a standard genetic algorithm crossover

to produce two child solutions.

� Mutation Operator − operates at the year level and makes a random

change to the treatment selected. This is followed by processing the

remainder of the segment according to a set of rules identical to those

in the RBS detailed in Chapter 3.

The definition of an Improved Solution, noted in Algorithm 5 on lines five

and eleven, is that child solutions from crossovers and mutated solutions from

mutations successfully satisfy the following three criteria when evaluated for

possible addition to the pool of best solutions:

� Valid − is the solution valid in that no maximum condition constraint

has been violated?
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� Uniqueness − is the solution distinct from all other solutions in the

pool?

� Improving − is the solution an improvement on the worst solution in

the pool?

If these three criteria are met then the solution replaces the worst solution

currently in the pool. Due to the small pool size, the uniqueness criterion

is used to maintain diversity within the solution pool and is either based

on the value of an objective function or the composition of the solution.

Where the uniqueness verification is based on the objective function values,

the value of the objective function from the new solution is compared to that

of each of the solutions in the pool. If the new solution’s value differs from

all others already in the pool by more than a stipulated amount, the new

solution is classified as unique. However, when the verification is based on

the composition of the solution, the treatment for each year of each segment

is compared to each solution in the pool. If the treatment composition of the

new solution is different than all those already in the pool by greater than

a stipulated amount, the new solution is deemed unique. Within GAS the

solution pool is ordered by each solution’s value of the objective function.

Thus, when a new solution is added the pool needs to be re-sorted.

5.2 Computational Results

The aim of these computational experiments is to evaluate which of the two

variants of the uniqueness verification detailed above is more conducive to

producing optimal solutions; if solution pool size has a measurable effect on

solution generation; and to determine the impact of execution times on the
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GAS solution quality. In addition, a comparison of solution composition is

undertaken using those produced by GAS and those from RBS presented in

Chapter 3 over a 20 year analysis period for the benchmark road network

described in Section 2.2.

The GAS implementation aims to produce a schedule of programmed

maintenance and rehabilitation treatments that adhere to given maximum

condition constraints. The maximum constraints applied in these computa-

tional experiments are a roughness measure of 5.71 International Roughness

Index (IRI), a rutting value of 25 millimetres and a cracking percentage of

60%. The objective function used is to minimise total expenditure whilst

ensuring that all annual condition values are less than these maximum con-

straints. The rule base utilised by RBS in Chapter 3 is used to process the

remainder of a segment after the mutation operator; refer line nine of the

GAS algorithm. The maximum condition criteria for each of the surface con-

dition attributes is applied from the second year of the analysis due to the

initial condition of the network and all solutions in the initial pool satisfied

each of these condition constraints.

These experimental results trialled values of the uniqueness criterion im-

plemented to ensure diversity, based on solution spend in the range of 0.00

through to 0.02, and the criterion applied to solution composition was in the

range 3.6× 10-5 to 3.8× 10-5. Each of these uniqueness criteria was trialled

over execution periods of 15 minutes, 30 minutes, two, four, and eight hours.

In addition, solution pools of 10 and 16 solutions were trialled to evaluate

the effect of pool size.
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5.2.1 Comparison of Variants

Figures 5.2 and 5.3 compare the two uniqueness verification methods iden-

tified in the preceding section. The results graphed are those from the 15

minute runs for a solution pool of both 10 and 16 solutions.

The uniqueness verification based on spend difference failed to provide a

minimum spend less than $500 million. This can be attributed to the total

solution spend being defined as the sum of each treatment cost multiplied

by the area to which the treatment is applied. Given that the length of each

segment is 1,000 metres, the cost of the treatment is not dependent on the

location of the segment, and there is generally little variability in the width of

a sealed pavement, it follows that there is not likely to be a lot of variability

in the cost of each new solution when a single point crossover or mutation of

a single segment is performed.

Figure 5.2: GAS − comparison of minimum total solution spend after a 15
minute analysis period for 10 and 16 solution pool variants of a GAS with
the uniqueness verification based on solution spend.

The uniqueness verification based on the solution composition produces

minimum spends in the order of $300 million. This can be attributed to
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Figure 5.3: GAS − comparison of minimum total solution spend after a 15
minute analysis period for 10 and 16 solution pool variants of a GAS with
the uniqueness verification based on solution composition.

the verification check being able to differentiate between two solutions that

may have the exact same number and composition of treatments but the

treatments being applied to different segments. Thus, a greater number of

solutions are added into the solution pool and the pool continues to evolve to

achieve the desired objective. This conclusion is supported by the compar-

ison in Table 5.1 of a sample of the number of solutions generated by each

uniqueness verification method. The tabulated results are of a trial executed

for 15 minutes with a solution pool of 10 solutions. While each uniqueness

variant had a similar number of total attempts, where total attempts is the

sum of mutation and crossover operators, the verification based on compo-

sition produced considerably more new solutions in the 15 minute execution

period.

Figures 5.4, 5.5, and 5.6 compare the minimum spend for the GAS algo-

rithm over execution times of 15 minutes, 30 minutes, two, four, and eight

hours for pool sizes of 10 and 16 solutions. The graphed GAS trials employ
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Table 5.1: GAS − uniqueness alternative solution generation
Uniqueness
Verification

Difference
Factor

Total Attempts New Solutions

Total Spend

1× 10-3 422,868 76
2× 10-3 414,536 36
3× 10-3 422,904 28
4× 10-3 422,904 20
5× 10-3 411,436 17

Composition

3.61× 10-5 422,308 25,291
3.62× 10-5 427,256 25,291
3.63× 10-5 261,836 24,547
3.64× 10-5 248,516 24,495
3.65× 10-5 255,728 24,495

Figure 5.4: GAS − comparison of minimum total solution spend for 10 and
16 solution pool variants of a GAS executed for 15 minutes, 30 minutes, two,
four and eight hours, with a uniqueness verification based on solution spend
and a uniqueness threshold of 3.60× 10-5.

a uniqueness verification based on solution composition. The values graphed

are 3.60 × 10-5, 3.70 × 10-5, and 3.80 × 10-5. It is evident from these three

figures that for each of the GAS solutions, apart from the four that executed

for 15 minutes, there is minimal difference (<$2 million) in the minimum

total spend for the 10 and 16 solution pools over each of the execution times;

however, the pool of 16 solutions produces slightly better results.

The lowest cost solutions were produced from the 8 hour trials with the
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Figure 5.5: GAS − comparison of minimum total solution spend for 10 and
16 solution pool variants of a GAS executed for 15 minutes, 30 minutes, two,
four and eight hours, with a uniqueness verification on solution spend and a
uniqueness threshold of 3.70× 10-5.

Figure 5.6: GAS − comparison of minimum total solution spend for 10 and
16 solution pool variants of a GAS executed for 15 minutes, 30 minutes, two,
four and eight hours, with a uniqueness verification on solution spend and a
uniqueness threshold of 3.80× 10-5.

results obtained from the two 8 hour trials shown in Figure 5.7. Both of these

trials provide a similar minimum spend profile that exhibits a significant step

between uniqueness criteria of 3.74×10-5 and 3.75×10-5. This step aligns with

the reduction in new solutions generated as depicted in Figure 5.8. It follows
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that the solutions with the greatest number of new solutions over the trial

period are those that produced the lowest cost solutions. A solution totalling

$304.349 million was produced with a pool of 16 solutions and uniqueness

criteria between 3.60× 10-5 and 3.74× 10-5 inclusive.

Figure 5.7: GAS − comparison of minimum total solution spend after an 8
hour analysis period for 10 and 16 solution pool GAS variants.

Figure 5.8: GAS − comparison of the number of new solutions generated
after an 8 hour analysis period for 10 and 16 solution pool GAS variants.

The GAS solution used in the comparison with the RBS solution from

Chapter 3 in Section 5.2.2 was produced by an 8 hour trial with a pool of 16
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Table 5.2: GAS / RBS solution composition
Year Treatment Alternative Applied Total

ST1 ST2 ST3 ST4 ST5 ST6 ST7 ST8
1 0/48 137/0 3/0 0/0 23/152 2/186 1/28 53/211 219/625
2 15/0 144/0 3/0 0/0 35/11 9/14 5/0 44/27 255/52
3 0/0 68/0 1/0 0/0 23/13 4/13 3/0 20/29 119/55
4 0/2 41/0 2/0 0/0 10/5 1/6 1/0 21/50 76/63
5 0/0 21/0 3/0 0/0 14/15 1/8 2/0 15/59 56/82
6 0/0 25/0 2/0 0/0 21/10 42/17 7/0 24/96 121/123
7 0/0 15/0 0/0 0/0 13/11 2/18 53/0 20/55 103/84
8 0/1 4/0 0/0 0/0 23/26 40/17 1/0 20/53 88/97
9 0/3 38/0 0/0 0/0 110/10 4/6 0/0 81/33 233/52
10 0/4 21/0 0/0 0/0 57/8 0/11 0/0 66/44 144/67
11 0/1 14/0 0/0 0/0 39/5 2/4 0/0 40/23 95/33
12 0/2 18/0 0/0 0/0 37/0 0/11 0/0 17/21 72/34
13 0/1 16/0 0/0 0/0 40/121 0/161 0/0 121/327 177/610
14 0/1 12/0 0/0 0/0 33/10 0/13 0/0 99/30 144/54
15 0/5 7/0 0/0 0/0 33/10 0/11 0/0 59/31 99/57
16 0/2 6/0 0/0 0/0 14/4 0/9 0/0 38/48 58/63
17 0/4 2/0 0/0 0/0 24/14 1/8 0/0 26/57 53/83
18 0/4 0/0 0/0 0/0 2/9 0/17 0/0 14/93 16/123
19 0/2 1/0 0/0 0/0 3/11 0/20 0/0 9/52 13/85
20 0/2 0/0 0/0 0/0 0/25 0/17 0/0 0/52 0/96

Total 15/82 590/0 14/0 0/0 554/470 108/567 73/28 787/1391 2141/2538

solutions and a uniqueness criterion of 3.60× 10-5.

5.2.2 Solution Composition

Table 5.2 provides a comparison by year of the treatments selected by both

RBS and GAS. The GAS solution utilises 2,141 individual treatments over

the twenty year analysis period while the RBS solution requires 2,538 individ-

ual treatments. A review of the solutions detailed in Table 5.2 demonstrates

that GAS triggers more treatments in exactly half of the twenty years in the

analysis period. The RBS solution contains a significant number of low cost

reseal treatments but also has more higher cost rehabilitation treatments

than the GAS solution. In comparison, the GAS solution includes more

mid-range average expense treatments.

Treatment alternatives ST2 and ST3 were not triggered by RBS but have
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been triggered by GAS. These treatments each have a surface correction

component and a resurfacing component and were not originally triggered by

RBS due to each of these treatments requiring a combination of roughness,

rutting, and seal age criteria to be activated. The GAS algorithm was able

to optimise the timing of treatments used to address each of these criteria

and effectively use a single treatment to treat all three defects at the same

time.

5.2.3 Total Spend and Spend Profile

Figure 5.9: GAS / RBS − comparison of annual spend for each year of the
work program produced by the GAS and RBS algorithms.

Figure 5.9 compares the spend profile of the GAS solution with that of

the RBS. The NPV of the RBS solution over the twenty year analysis period

was $413,467,307 whilst the total cost of the GAS solution was $304,349,173

which, when discounted with a rate of 7% per annum, is $186,187,060 or

45.03% of the RBS cost. The figure shows that the GAS solution produced a

more uniform spend profile over the analysis period than that of RBS which

has two distinct peaks.
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5.2.4 Modelled Attributes

Figure 5.10 depicts a comparison of average roughness values from the solu-

tion produced by the GAS with the RBS solution from Chapter 3. Average

roughness from the RBS solution gradually increases over the twenty year

analysis period with the exception of two distinct steps which correspond

with analysis years of increased treatment. In contrast, the average rough-

ness of the GAS solution forms an almost parabolic curve between years 0

and 7, then gradually increases annually between years 9 and 20. At the end

of the analysis period the average roughness of the GAS solution is greater

than that of RBS; however, all roughness results are below the maximum

allowed value of 5.71 IRI for the analysis period. The distribution in Figure

5.11 shows a cluster of segments with roughness values in the range of 1.7

IRI to 4.2 IRI with a small percentage having values greater than 4.2 IRI.

Figure 5.10: GAS / RBS − comparison of average road segment roughness
(IRI), for each year of the work program produced by the GAS and RBS
algorithms.

The average rutting for both the RBS and the GAS solutions shown in

Figure 5.12 steadily increase over the twenty year analysis period. The GAS

90



Figure 5.11: GAS − distribution of road segment roughness (IRI) for the
initial benchmark and at the end of the 20th year using the work program
produced by the GAS algorithm. The maximum allowed roughness is 5.71
IRI and the solution produced using the GAS algorithm satisfied this.

average rutting result is greater following the analysis period than that of

the RBS solution. Whilst Figure 5.13 confirms that all rutting values are

lower than the maximum criteria of 25 millimetres, it shows that the values

are spread across the entire allowable range.

Figures 5.14 and 5.16 compare the GAS average cracking and surface age

profiles with those from the RBS in Chapter 3. The average cracking profile

for the RBS solution drops dramatically in year one due to the large number

of treatments triggered. In contrast, the profile of the GAS solution has a

more gradual decline over the first half of the analysis period. All cracking

values are within the maximum condition constraint value as confirmed by
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Figure 5.12: GAS / RBS − comparison of average road segment rutting
(millimetres), for each year of the work program produced by the GAS and
RBS algorithms.

the distribution in Figure 5.15.

The average surface age profile comparison depicts a traditional dete-

rioration shape for the RBS solutions. The average continues to increase

until several treatments are triggered in the same year and the average drops

significantly. The GAS solution does not have any single year or years in

which a large number of treatments are triggered thus the average surface

age profile does not follow such a defined path. Due to the large number

of treatments triggered over the first three quarters of the analysis period,

the GAS profile tends to decrease but then increases to a level at the end

of the analysis period that is only slightly less than it is at the start of the

period. No maximum constraint criteria was placed on the surface age for the

GAS. The distribution in Figure 5.17 shows that the overwhelming majority

of network sections have a very reasonable surface age of less than thirteen

years.

92



Figure 5.13: GAS − distribution of road segment rutting (millimetres) for
the initial benchmark and at the end of the 20th year using the work pro-
gram produced by the GAS algorithm. The maximum allowed rutting is
25 millimetres and the solution produced using the GAS algorithm satisfied
this.

5.3 Conclusion

In this chapter, GAS was presented and then applied in computational ex-

periments using the benchmark road network described in Section 2.2. These

results were then compared to those produced by the more traditional RBS.

The NPV of the GAS solution for a twenty year analysis period totalled

$186,187,060 which is a saving of over $227 million compared to that pro-

duced by the RBS in Chapter 3. GAS was able to successfully optimise treat-

ment selection while ensuring that the solution produced adhered to speci-

fied maximum condition constraints. GAS consistently produced a number
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Figure 5.14: GAS / RBS − comparison of average road segment cracking
percent, for each year of the work program produced by the GAS and RBS
algorithms.

Figure 5.15: GAS − distribution of road segment cracking percent for the
initial benchmark and at the end of the 20th year using the work program
produced by the GAS algorithm. The maximum allowed cracking percent is
60% and the solution produced using the GAS algorithm satisfied this.
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Figure 5.16: GAS / RBS − comparison of average road segment surface age
(years), for each year of the work program produced by the GAS and RBS
algorithms.

Figure 5.17: GAS − distribution of road segment surface age (years) for the
initial benchmark and at the end of the 20th year using the work program
produced by the GAS algorithm. There is no maximum constraint for surface
age.
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of near-optimal solutions with a minimised total spend. The computational

experiments demonstrated that a uniqueness verification based on solution

composition ensures diversity whilst allowing the pool to continue to evolve.

It was shown that a larger solution pool (16 solutions) provides better results

than a smaller pool of 10 solutions for trial durations of at least 30 minutes.

GAS is a stochastic technique that incorporates a degree of randomness

into its solution generation; thus when run with identical input GAS may

produce slightly different output. The main strength of such stochastic tech-

niques is that they can traverse large solution spaces and are able to produce

a variety of near-optimal solutions.

The new approach detailed in this chapter addressed several of the limita-

tions of TBS documented in Chapter 4. Namely, it is a stochastic technique

and is able to optimise a given objective function. The GAS is also conducive

to the application of an annual budget constraint as the value of the objective

function is not calculated until the entire solution is built. Chapter 6 details

a variation of GAS that introduces an annual budget constraint.
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Chapter 6

Heuristic PMS Optimisation
with Budget Constraints

A new Parallel Genetic Algorithm-based pavement management System (PGA)

is presented in this chapter along with results of computational experiments

from which conclusions are drawn regarding the effectiveness of the new al-

gorithm. The main objective of PGA is to produce a least cost programmed

maintenance and rehabilitation schedule that satisfies an annual budget con-

straint and maximum condition constraints.

6.1 Algorithm

The PGA treatment selection technique presented in this section closely fol-

lows a standard genetic algorithm; however, it is implemented across multiple

computers. As highlighted for GAS in Chapter 5, a pool of solutions is main-

tained and manipulated through a series of crossover and mutation genetic

operators for a specified duration. Over time these operators are designed

to create new solutions that improve upon those in the pool when compared

using a specified objective function.

PGA employs the same operators as GAS; however, the solution pool
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is managed by a Master process while the crossovers and mutations are

performed by Slave processes. Parent and child solutions are transmitted

between the processors as depicted in Figure 6.1.

Figure 6.1: PGA − Master / Slave architecture

The PGA algorithm is detailed in Algorithms 6 and 7. For clarity, the

algorithm has been separated into code executed by the Master process and

that executed by each Slave process.

The composition of each PGA solution is identical to that of the GAS

solution depicted in Figure 5.1. The crossover operation is performed at the

segment level and performs a single point crossover to produce two child

solutions, while the mutation operation is performed at the year level to

produce a single mutated solution. Following the mutation, the remainder

of the solution is processed according to the rules in the RBS rule base.

Both the Master process and each Slave check that a new solution is an

improvement on the worst solution in the pool. Each Slave undertakes the

check prior to sending the solution to the Master; however, the new solution

is rechecked by the Master prior to admission to the solution pool to ensure

that the pool has not already been updated with solutions produced by other
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Algorithm 6: PGA MPI - Master process algorithm

Input: an execution time of t seconds; a solution pool of valid
solutions; a rulebase of condition rules; a set of maximum
condition constraints; an annual budget; and a uniqueness
value.

Output: an optimised program of pavement maintenance and
rehabilitation treatments.

1 Create initial solution pool
2 Generate Data Structure to store solution pool properties
3 while t not exceeded do
4 wait for status from Slave
5 if status is a request for solutions then
6 randomly select two solutions from pool
7 send solutions to Slave

8 else if status is a request for details of worst solution/s in the pool
then

9 send details of worst solution/s in pool

10 else if status is a returned solution then
11 if returned solution is better than worst solution in pool then
12 if solution is unique then
13 Replace pool solution with returned solution

14 while waiting for returned solution/s from each Slave do
15 wait for a status from Slave
16 if status is a request for solutions then
17 randomly select two solutions from pool
18 send solutions to Slave

19 else if status is a request for details of worst solution/s in the pool
then

20 send STOP command to Slave

21 else if status is returned solution then
22 if returned solution is better than worst solution in pool then
23 if solution is unique then
24 Replace pool solution with returned solution

Slaves. The check confirms that the new solution still has a better objective

function value than the worst solution/s in the pool.

The solution pool admission criteria is split into two parts. If the sum of
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Algorithm 7: PGA MPI - Slave process algorithm

Input: a rulebase of condition rules; a set of maximum condition
constraints; a network of pavement segments; deterioration
models; and treatment costs.

1 load pavement segment details
2 load deterioration models
3 load treatment costs
4 while STOP command not received do
5 request details of worst solution/s in the pool from Master
6 request solutions from Master
7 perform crossover operation on received solution
8 CheckAndSend (First Crossover Child)
9 CheckAndSend (Second Crossover Child)

10 perform mutation operation on first received solution
11 CheckAndSend (Mutated Solution)
12 perform mutation operation on second received solution
13 CheckAndSend (Mutated Solution)

14 Subroutine CheckAndSend (Solution)
15 if Solution satisfies maximum condition constraints then
16 if Solution is better than worst solution in the pool then
17 send Solution to Master

the annual overspend for any of the solutions in the solution pool is greater

than zero and if the new solution has an annual overspend less than that of

the worst solution in the pool, then the new solution will replace the worst

solution in the pool. However, if each solution in the solution pool satisfies

the annual budget constraint in each analysis year then the new solution will

replace the worst solution in the pool if its total spend is less than that of

the worst solution.

To implement this admission criteria the Master process and Slaves must

have knowledge of the solution with the greatest overspend in the solution

pool as well as the solution with the greatest total spend over the analysis

period. It is important to note that the solution with the greatest total spend
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is not necessarily the solution that violates the annual budget constraint by

the largest amount. The annual budget figure reduces over the first half

of the execution period from four times the annual budget to the annual

budget. Thus, to ensure each Slave has accurate knowledge of the worst

solutions in the pool, updated details of these solutions are communicated

to each Slave every 15 seconds. To maintain diversity within the solution

pool, new solutions are only added if they are not ‘close’ to solutions already

in the pool. The determination of closeness is performed using a uniqueness

value based on the treatment composition of each solution.

6.2 Computational Results

The major objectives of these computational experiments were to compare

the effects of an incremented hard annual budget constraint in addition to

the effect of increasing the number of Slave processors. The computational

experiments were undertaken using the benchmark road network described

in Section 2.2 over a twenty year analysis period.

The solution pool used in PGA contained 10 solutions and similarly to

GAS described in Chapter 5, maximum condition constraints were applied

to the roughness, rutting, and seal age attributes. These constraints were

a roughness measure of 5.71 International Roughness Index (IRI), a rutting

value of 25 millimetres, and a cracking percentage of 60%. The uniqueness

factor used in the analysis is 3.69 × 10-5 or 3.69 × 10-3 percent. Due to

the initial poor condition of the road network, each maximum condition

constraint was checked from Year 2 of the analysis period.

For each trial, PGA was executed for 30 minutes with annual budget
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constraints of between $25 million and $50 million inclusive, in increments of

$5 million, and using either 4, 8, or 12 central processing units (cpu). Each of

these 18 individual combinations was executed with 22 different seed values,

resulting in a total of 396 individual PGA trials. The seed values took the

form of large prime numbers with each Slave seeded with large prime + world

rank where world rank is the Slave’s rank among its peers.

6.2.1 Comparison of Variants

A solution that satisfied the annual budget constraint was produced in 23

of the 396 individual trials. Only a single trial with 12 central processing

units produced a solution that satisfied an annual budget constraint of $45

million; however, multiple solutions were produced that satisfied the $50

million annual budget constraint using 4, 8, and 12 processors. No trial with

an annual budget constraint of less than $45 million provided a solution that

satisfied the budget constraint.

Figure 6.2 depicts the annual spend profile of each of the 23 successful

trials. It is evident that although executed with a different combination,

numbers of processors, seed values, and annual budget constraints, each so-

lution generally follows a similar annual spend profile. This concurs with the

treatment profiles graphed in Figure 6.3 and there is little variation between

the number of each type of treatment included in the 23 successful trials.

Figure 6.4 compares the minimum total spend of each solution for the 23

trials that satisfied the annual budget constraint. Evident from this figure

is that the single solution that satisfies an annual budget constraint of $45

million only has a slightly higher total spend (< $10 million) than the 22

that spend up to $50 million per year. In addition, there does not appear
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Figure 6.2: PGA − comparison of annual spend profile for the 23 successful
PGA trials that satisfied an annual budget constraint.

Figure 6.3: PGA − comparison of treatment profile for the 23 successful
PGA trials that satisfied an annual budget constraint.

to be any correlation between the number of processors and the degree of

variance of total spend over the twenty year analysis period. The trial with

the lowest total spend of $571,434,960 was produced using 12 processors.

Figure 6.5 depicts the number of solutions in the pool at the end of

the trial that satisfied the annual budget constraint. The figure shows that

only three of the 8 processor trials and a single 12 processor trial filled the
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Figure 6.4: PGA − comparison of total spend for the 23 successful PGA
trials that satisfied the annual budget constraint.

Figure 6.5: PGA − Number of solutions within each pool that satisfy the
annual budget constraint at the end of the analysis period.

entire solution pool with solutions that satisfied the annual budget constraint.

However, a total of 15 of the 23 individual trials had a pool with 9 or more

budget constraint satisfying solutions. The trials using 4 processors had the

greatest percentage of runs with less than 9 complying solutions at 57%.

Figure 6.6 compares the number of new solutions added to the pool by

each individual trial. As expected, those trials using 4 processors added fewer
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solutions to the pool than those with 8 or 12 processors. It is of interest that

two of the 12 processor trials added fewer solutions to their pool than over

half of the 8 processor trials. Also, those 8 and 12 processor trials with the

lowest degree of propagation of annual budget constraint satisfying solutions

through their solution pool, correspond to the trials with the least number

of new solutions added when compared to those executed using the same

number of processors.

Figure 6.6: PGA − number of new solutions included in PGA pool by the
Master over the duration of the analysis. The results indicate that, generally,
the greater the number of processors the greater the number of new solutions
generated.

Figure 6.7 depicts the percentage of returned solutions that were actually

added to the solution pool. Apart from a single 4 processor trial, the remain-

der of the trials all admitted between 51% and 67% of returned solutions to

their solution pool. The remaining 49% to 33% of returned solutions were

discarded by the Master processor during the course of its improvement and

uniqueness verifications. This was because, in the time between the Slave

checking the new solution is an improvement on the recorded value of the
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Figure 6.7: PGA − percentage of solutions returned by Slaves that were were
included in the PGA pool by the Master.

current worst solution in the pool, the pool has already been updated with

solutions produced by other Slaves.

The PGA solution that satisfied the $45 million annual budget constraint

is now compared to the GAS solution produced in an 8 hour trial with a pool

of 16 solutions and a uniqueness factor of 3.60×10-5 in the following section.

6.2.2 Solution Composition

Table 6.1 provides a comparison by year of the treatments selected by both

GAS and PGA. The PGA solution uses considerably fewer treatments than

the GAS solution with just 1,694 individual treatments over the twenty year

analysis period. A review of the solutions detailed in Table 6.1 demonstrates

that PGA triggers more higher cost rehabilitation treatments and fewer low

cost reseal treatments compared to those triggered by GAS. In addition,

the number of treatments triggered by the PGA annually tends to be more

moderated with no significant spikes. The treatments triggered by GAS spike

in Years 1, 2, and 9.
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Table 6.1: GAS / PGA solution composition
Year Treatment Alternative Applied Total

ST1 ST2 ST3 ST4 ST5 ST6 ST7 ST8
1 0/0 137/29 3/0 0/0 23/0 2/0 1/0 53/2 219/31
2 15/116 144/0 3/0 0/0 35/0 9/0 5/0 44/0 255/116
3 0/24 68/1 1/0 0/0 23/0 4/0 3/0 20/2 119/27
4 0/45 41/2 2/0 0/0 10/0 1/0 1/0 21/0 76/47
5 0/70 21/3 3/0 0/0 14/0 1/0 2/0 15/0 56/73
6 0/40 25/17 2/0 0/0 21/10 42/36 7/5 24/20 121/128
7 0/49 15/6 0/0 0/0 13/9 2/11 53/57 20/9 103/141
8 0/21 4/3 0/0 0/0 23/22 40/45 1/1 20/20 88/112
9 0/48 38/13 0/0 0/0 110/16 4/17 0/2 81/11 233/107
10 0/27 21/6 0/0 0/0 57/10 0/9 0/0 66/16 144/68
11 0/31 14/3 0/0 0/0 39/5 2/4 0/1 40/5 95/49
12 0/42 18/3 0/0 0/0 37/11 0/10 0/0 17/2 72/68
13 0/60 16/0 0/0 0/0 40/8 0/13 0/0 121/1 177/82
14 0/56 12/3 0/0 0/0 33/12 0/11 0/2 99/15 144/99
15 0/45 7/3 0/0 0/0 33/19 0/12 0/0 59/3 99/82
16 0/34 6/2 0/0 0/0 14/11 0/1 0/1 38/13 58/62
17 0/25 2/0 0/0 0/2 24/42 1/53 0/0 26/45 53/167
18 0/26 0/0 0/0 0/0 2/3 0/12 0/0 14/56 16/97
19 0/29 1/0 0/0 0/0 3/6 0/11 0/0 9/3 13/49
20 0/32 0/0 0/0 0/1 0/22 0/22 0/0 0/12 0/89

Total 15/820 590/94 14/0 0/3 554/206 108/267 73/69 787/235 2141/1694

6.2.3 Total Spend and Spend Profile

Figure 6.8: PGA / GAS − comparison of annual spend for each year of the
work program produced by the PGA and GAS algorithms.

Figure 6.8 compares the spend profile of the PGA solution with that of

GAS. The NPV of the PGA solution over the twenty year analysis period
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was $305,040,529 whilst the NPV of the GAS solution is $186,187,060. As

expected, the PGA solution is significantly more expensive than that of GAS;

however, the figure shows that the PGA solution produced a slightly more

uniform spend profile over the analysis period than that of GAS which has

two distinct peaks.

6.2.4 Modelled Attributes

Figure 6.9: PGA / GAS − comparison of average road segment roughness
(IRI), for each year of the work program produced by the PGA and GAS
algorithms.

Figure 6.9 depicts a comparison of average roughness values from the so-

lution produced by PGA with that of GAS from Chapter 5. The average

network roughness for the PGA solution peaks slightly in Years 7 and 8 after

initially reducing rapidly, then slowly decreases throughout the remainder of

the analysis period. At the end of the analysis period the average rough-

ness of the GAS solution is significantly greater than that of PGA. Figure

6.10 confirms that all roughness results for the PGA solution are below the

maximum allowed criteria of 5.71 IRI for the analysis period. The roughness
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Figure 6.10: PGA − distribution of road segment roughness (IRI) for the
initial benchmark and at the end of the 20th year using the work program
produced by the PGA algorithm. The maximum allowed roughness is 5.71
IRI and the solution produced using the PGA algorithm satisfied this.

Figure 6.11: PGA / GAS − comparison of average road segment rutting
(millimetres), for each year of the work program produced by the PGA and
GAS algorithms.
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Figure 6.12: PGA − distribution of road segment rutting (millimetres) for
the initial benchmark and at the end of the 20th year using the work pro-
gram produced by the PGA algorithm. The maximum allowed rutting is
25 millimetres and the solution produced using the PGA algorithm satisfied
this.

distribution shows two distinct groups of high occurrence, the first centred

around 2 IRI and the second in the range of 4 IRI to 5.7 IRI.

The average rutting for both the PGA and the GAS solutions shown in

Figure 6.11 steadily increase at a comparable rate over the first 12 years of

the 20 year analysis period, then the average rutting for the PGA solution

tends to plateau while that of the GAS solution increases for the remainder of

the analysis period. The rutting distribution depicted in Figure 6.12 outlines

the variety of values that result from the application of GAS.

Figures 6.13 and 6.15 compare the PGA average cracking and surface age

profiles with those from GAS in Chapter 5. In contrast to that of the GAS
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Figure 6.13: PGA / GAS − comparison of average road segment cracking
percent, for each year of the work program produced by the PGA and GAS
algorithms.

Figure 6.14: PGA − distribution of road segment cracking percent for the
initial benchmark and at the end of the 20th year using the work program
produced by the PGA algorithm. The maximum allowed cracking percent is
60% and the solution produced using the PGA algorithm satisfied this.
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Figure 6.15: PGA / GAS − comparison of average road segment surface age
(years), for each year of the work program produced by the PGA and GAS
algorithms.

Figure 6.16: PGA − distribution of road segment surface age (years) for the
initial benchmark and at the end of the 20th year using the work program
produced by the PGA algorithm. There is no maximum constraint for surface
age.
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solution, the average cracking of the PGA solution initially increases to a

maximum in year four before gradually decreasing for the remainder of the

analysis period. This initial increase can be attributed to a reduced number

of segments being treated in the first four years compared to that of the GAS

solution. The cracking distribution of each segment at the end of the analysis

period is shown in Figure 6.14. Approximately 1,100 of the 1,335 segments

have cracking results of 1% or less.

The average surface age profile of the PGA solution takes the same shape

as that of the average cracking profile. Despite the average surface age of the

GAS solution being consistently lower throughout the majority of the anal-

ysis period, upon conclusion the GAS solution maintains a slightly greater

average surface age than that of the PGA solution. The PGA’s surface age

distribution is detailed in Figure 6.16. Despite not enforcing a maximum

surface age, the majority of segments have a surface age of less than thirteen

years.

6.3 Conclusion

This chapter presented a budget constrained implementation of a PGA along

with results from computational experiments generated using a real-world

road network of 1,335 road segments. Incremented annual budget constraints

were evaluated in addition to the effect of increasing the number of Slave pro-

cessors in the implementation. The resulting PGA produced an optimised

pavement maintenance and rehabilitation program of works that satisfied

maximum condition constraints placed on roughness, rutting, and cracking,

in addition to satisfying an annual budget constraint of either $45 million or
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$50 million when executed for 30 minutes. Whilst the computational exper-

iments have highlighted that the PGA algorithm is able to produce budget

constrained solutions and general observations are able to be made regarding

the impact of additional Slave processors; primarily, due to the number of

computational experiments executed for each combination of annual budget

and processors, we are not able to definitively conclude the effect of adding

additional Slave processors.

114



Chapter 7

Comparative Analysis

A comparative analysis of the work program produced by RBS, TBS, GSA

and PGA is presented in the following three sections.

7.1 Solution Composition

Figure 7.1 depicts the number of times each of the eight Standard Treatments

are triggered by each algorithm throughout the twenty year analysis period.

ST1 is a rehabilitation treatment and is the most expensive of the eight

treatments. Both the TBS and PGA algorithms trigger a significant number

of ST1 treatments and then relatively minimal ST2 treatments. The GAS

algorithm is the only one to trigger a large number of ST2 treatments and

none of the four algorithms trigger greater than 15 ST3 or ST4 treatments.

The remainder of the TBS and PGA treatment profiles for ST5, ST6

and ST7 are very similar however PGA triggers a greater number of reseals

(ST8) than that of the TBS algorithm. While the GAS algorithm triggers a

relatively high number of ST5 and ST8 treatments, RBS also triggers over

500 ST6 treatments and almost 1,400 reseals.

The total number of treatments triggered by the RBS, TBS, GAS and
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Figure 7.1: Comparison of RBS, TBS, GAS and PGA treatment profiles.

PGA algorithms over the twenty year period are 2,538, 1,294, 2,141 and 1,694

treatments respectively.

7.2 Total Spend and Spend Profile

The total spend and Net Present Value over the twenty year analysis period

for each of the four algorithms is depicted in Table 7.1. It is evident that

the greatest total spend is required for the program produced using the RBS

algorithm, which aligns with RBS using the highest number of treatments.

However its interesting that despite triggering the fewest treatments, the

TBS algorithm has the next highest spend of those algorithms implemented

on a single processor. The GAS program included over 2,000 treatments

however it is by far the cheapest of any of the algorithms with a NPV less

than 50% of the program produced by RBS.

Despite using a similar algorithm, PGA requires the second highest level

of funding because the solution it provided adheres to a maximum annual

budget constraint. This constraint ensures the program output is more
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Table 7.1: Comparison of RBS, TBS, GAS and PGA spend
Algorithm Total Spend Net Present Value
RBS $668,420,840 $413,467,307
TBS $550,235,100 $287,880,532
GAS $304,349,173 $186,187,060
PGA $580,557,550 $305,040,529

aligned with real life funding profiles. As shown in Figure 7.2, PGA spends

less than $45 million in each analysis year. RBS requires two significant fund-

ing peaks of $215.7 million in Year 1 and $178.0 million in Year 13, while

TBS only has a single peak of $80.9 million in Year 8. The GAS funding

profile does not show any unusual funding peaks over the twenty year period.

Figure 7.2: Comparison of RBS, TBS, GAS and PGA spend profiles.

7.3 Modelled Attributes

Figures 7.3 though 7.6 summarise the segment distribution for the four treat-

ment selection techniques evaluated in this study. In general, the distri-

butions show that the genetic algorithm approaches were able to optimise

treatment selection within specified constraints; this is confirmed by GAS

and PGA values spanning a greater range of the allowable values for each
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attribute.

Figure 7.3: Comparison of Year 0 and Year 20 roughness distributions for
RBS, TBS, GAS and PGA. The maximum constraint is 5.71 IRI, note year
zero and RBS exceeds this limit

The roughness distribution in Figure 7.3 shows that at the end of the

analysis period segment roughness values are in the approximate range of
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between 2 IRI and 5.71 IRI. This differs from the distribution of roughness

values for the initial network of between 1 IRI and 9 IRI. Whilst the upper

range of the distributions for TBS, GAS and PGA can be attributed to the

maximum roughness constraint, the upper limit of the RBS distribution can

only be attributed to the treatment triggers in rule base rules.

Figure 7.4 depicts the rutting distributions for each of the four algorithms.

After execution, all four of the algorithms have a distribution of rutting values

dispersed over the same approximate range, 0 millimetres to 25 millimetres.

The rutting distribution for the initial network shows that the majority of

rutting values are in the range 1 to 8 millimetres prior to commencement of

the analysis.

The cracking distribution in Figure 7.5 shows that the initial network

condition and the condition after the RBS, TBS, GAS and PGA algorithms

are executed all show a similar profile. There is a significant portion of the

network with a cracking value of 0%. The upper limit to the distribution for

TBS, GAS and PGA results is defined by a maximum condition constraint

of 60%, however the RBS distribution tends to be in the range of 0 to 10%.

This reduced distribution aligns with the extremely high number of reseals

triggered by RBS over the 20 year period.

With the exception of the TBS algorithm, Figure 7.6 shows that, after

execution of each algorithm, the surface age distribution across the network

is very realistic with a range of 0 to 23 years. PGA only appears to have three

outliers in the 40 years plus range. RBS has the most condensed distribution

due to the large number of reseals that are triggered throughout the 20 years.

There was no maximum condition constraint placed on surface age for either
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Figure 7.4: Comparison of Year 0 and Year 20 rutting distributions for RBS,
TBS, GAS and PGA. The maximum constraint is 25 mm, note RBS exceeds
this limit

TBS, GAS or PGA algorithms.
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Figure 7.5: Comparison of Year 0 and Year 20 cracking distributions for
RBS, TBS, GAS and PGA. The maximum constraint is 60%, note year zero
exceeds this limit
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Figure 7.6: Comparison of Year 0 and Year 20 surface age distributions for
RBS, TBS, GAS and PGA. Note there is no maximum constraint for surface
age
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Chapter 8

Conclusion

The overall goal of this study was to investigate the benefits of applying a

modern heuristic optimisation technique to the problem of pavement main-

tenance and rehabilitation scheduling over a multi-year planning horizon.

This goal has been achieved through the implementation of a four stage

structured approach. The first stage was the application of a traditional

rule-based pavement management system to a bench mark road network of

1,335 segments, followed by the generation of a programmed maintenance

and rehabilitation treatment schedule using a tree-based algorithm akin to

a greedy algorithm. Next, a genetic algorithm-based pavement management

system was developed and implemented to produce an optimised schedule

of treatments. Finally, this genetic algorithm approach was implemented on

a cluster of Intel CPUs to produce an optimised schedule that satisfied an

annual budget constraint.

The first of the three new algorithms is a greedy tree-based treatment se-

lection algorithm, which was documented in a paper titled Pavement Main-

tenance Treatment Scheduling Using a Tree-based Selection Algorithm pre-

sented at the Transport Research Board’s (TRB) 94th Annual Meeting (TRB
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2015) [2]. The tree-based road treatment scheduling system effectively eval-

uates if a particular treatment should be applied in a later year, instead of

the current year, or if an alternative ‘holding’ treatment should be applied

to minimise expenditure. Despite using the same rule base as the common

rule-based approach the tree-based system produces a lower cost program of

works because it efficiently identifies the optimum combination of rules that

minimise program cost while still ensuring pavement condition attributes do

not exceed a maximum criterion.

The second algorithm was a genetic algorithm-based treatment selection

technique that was described and its results analysed in Pavement Mainte-

nance Treatment Scheduling Using a Genetic Algorithm presented at the 9th

International Conference on Road and Airfield Pavement Technology (ICPT

2015) [3]. The genetic algorithm technique mimics evolution through the use

of mutation and crossover operators to develop fitter solutions from a pool

of valid solutions. The pool constantly evolves to ensure the mutation and

crossover operators are continuous applied to the fittest solutions. In addi-

tion, this approach does not rely on a rule base to define the boundary of its

search space, rather it is able to search an entire solution space of all pos-

sible solutions to produce an optimal or near-optimal solution that satisfies

maximum condition constraints.

The third algorithm was a parallel implementation of the genetic algorithm-

based treatment selection technique. This parallel implementation further

enhanced the genetic algorithm approach and allows an Asset Manager to

specify an annual budget constraint. The parallel genetic algorithm has

been described and analysed in a paper titled Budget Constrained Pavement
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Maintenance Scheduling Using a Parallel Genetic Algorithm presented at

the Fourth International Conference on Soft Computing Technology in Civil,

Structural and Environmental Engineering (CSC 2015) [4]. This approach

was able to produce a program of treatments that adhered to an annual bud-

get constraint of $45 million, when executed for a period of 30 minutes on a

cluster of 12 Intel PCs.

There are a number of opportunities for the extension of the research

documented in this thesis including:

� Further PGA trials to accurately quantify the effect of adding addi-

tional Slaves. Only 23 PGA trials produced a treatment program that

satisfied an annual budget constraint of either $45 or $50 million. An

increase in the number of successful trials over a range of computational

resource variants will enable any link between the number of Slaves and

treatment program quality to be further investigated.

� The application of both a minimum and maximum annual budget con-

straint in PGA. It is a common requirement for road authorities to

guarantee a minimum annual work program value to a consultant or

contractor. With the inclusion of a minimum annual spend, PGA could

be used to address this real world need.

� Applying maximum condition constraints that vary according to road

tier or the level of importance placed upon each road. Road author-

ities are often under pressure from various stakeholders to prioritise

programming of works on those road which the community feels are of

greater importance. By implementing maximum condition constraints

that reflect this relative level of importance the GA / PGA will take
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into account these stakeholder concerns during its optimisation process.

� Application of PGA to road networks of increasing size to determine

the effect, if any, on solution generation. This study applied PGA to a

benchmark network of 1,335 segments, however state road authorities

often have road networks with greater than 20,000 segments.

� The inclusion of additional condition attributes in the analysis, for

example structural number or remaining life. The typical systems that

road authorities currently employ may have up to five or six attributes.

PGA would benefit from further testing and evaluation when additional

attributes are included in the analysis.

� The inclusion of alternative constraints, for example resource constraints.

Often road authorities may by constrained by the number and type of

resources available to deliver their annual works program. Including

the number and type of available resources as constraints will ensure

that the optimised program produced by GAS / PGA is able to be

delivered by the road authority.

� The inclusion of location dependent road treatment costs to allow for

the difference between treating roads that are a part of or near to urban

centres in contrast to treating roads that are remotely located.

� As described in Section 1.3.2, the modification of GAS / PGA al-

gorithms to simultaneously optimise two separate objectives. Multi-

objective optimisation always a range of solutions lying on the so-called

produces a Pareto optimal front where the solutions that form a Pareto

optimal front are not able to be improved without making at least part

of the solution worse. For example, GAS / PGA algorithms could be
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adapted to optimise budget and roughness (which is a summary at-

tribute).

� The further development of GAS / PGA algorithms into a memetic

genetic algorithms (Section 1.3.2) where a local search is incorporated

to refine those solutions identified by the global optimiser. The GAS

/ PGA algorithms could be enhanced by using a tree-based algorithm

as a local search to further refine identified solutions prior to their

inclusion in the solution pool.
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