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Abstract

The emergence of agent-based modelling from the field of artificial intelligence (AI) presents a
new and alternative approach to geographical modelling. The vast potential offered by agent-based
models in representing distributed complex systems, coupled with the increase in available com-
puting power has resulted in agent-based models becoming an increasingly popular and powerful
tool within geographical applications. These models offer distinct advantages over traditional em-
pirical techniques through their characteristics of autonomy, flexibility and adaptability. There
is an emerging recognition that the power of agent-based systems is enhanced when integrated
with other Al-based and conventional approaches. The resulting hybrid models are powerful tools
that combine the flexibility of the agent-based methodology with the strengths of more traditional
modelling.

This research examines the application of a hybrid agent-based model to the case study of the
retail petrol market. Detailed analysis of the real data was first performed before the construction
of an agent-based model. Model performance was evaluated against real data from the UK for a
three month period in 1999, On the basis of this evaluation, the agent model was further developed
to incorporate consumer behaviour by the inclusion of a spatial interaction (SI) model and a net-
work model. Suitable parameters for these models were derived through detailed analysis of the
real data, numerical experimentation and experimentation on the real data. These developments
improved the performance of the model. A genetic algorithm (GA) was constructed to provide an
objective approach to deriving optimal parameters. There was a close agreement in the values se-
lected by the GA and those derived by hand. This research clearly demonstrates that agent-based
modelling has the ability to improve on existing geographical models. Further investigation is
needed if this potential is to be fully realised for a range if geographical problems.
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Chapter 1

Introduction

1.1 Aims and Objectives of the Research

There are a range of geographical problems that are spatially and temporally complex. Often
within human geographical systems, these problems have a distributed network of, for example,
people or companies making decisions that have an impact on others within the system. A good
example of this can be found within retail markets. Here, companies make decisions on pricing
whilst consumers make decisions on where to purchase one or more commodities. The compe-
tition between retailers to attract customers, and therefore make profit, results in complex spatial
interactions between all participants within the market.

With such a high degree of complexity within geographical systems, it is unsurprising that
traditional empirically-based techniques have failed to produce realistic representations of human
behaviour. Many geographical systems possess highly non-linear relationships amongst a large
number of variables and are also characterised by high degrees of imprecision and uncertainty.
Cavezzali and Rabino (2003) argue that there is a need for new models to represent phenomena
with high complexity whose structure is not entirely known or not mathematically expressible.

In recent years, the field of artificial intelligence (Al) has produced several problem solving
algorithms inspired by natural genetic evolution and by human interactions (reviewed in Open-
shaw and Openshaw, 1997). The general methodologies and heuristics of Al can potentially add
more intelligence to current geographical models which may ultimately lead to better geographical
representations of the world (See, 1999).

Agent-based modelling is one of several new technologies that has emerged from the field of
Al Due to the advantages that they offer over traditional approaches, agent-based models have be-
come an increasingly popular and powerful tool within geographical applications (O’Sullivan and
Haklay, 2000). The agent paradigm offers the possibility to represent individuals, their behaviour
and their interactions. This makes it possible to analyse a phenomenon as the result of interactions
of autonomous entities (the agents).

This type of decomposition is a natural metaphor for complex systems that are always dis-
tributed with numerous autonomous decision making parts. The agent framework is particularly
applicable to geographical systems, such as those described above, that are characterised by com-

plex spatial and temporal dynamics. Multi-agent simulation makes it possible to create artificial



environments that mimic real systems. The behaviour of the agents at the individual level is spec-
ified and through their interactions, large-scale features emerge. Furthermore, when different Al
techniques, for example genetic algorithms (GAs), are fused with the power of agent-based mod-
els the result is a hybrid approach that often produces better solutions than the use of an agent
techniques alone.

This thesis will examine a complex geographical system to assess the potential for hybrid
agent-based systems in actually reproducing these complexities. The retail petrol market has been
chosen as a case-study for several reasons. This market has the advantage of selling a single
homogeneous product. This means that it does not possess any of the complex trade-offs in both
pricing and consumer’s purchases that are found in many retail markets, for example the grocery
market. In addition, the retail petrol market is an important system in its own right. Petrol is
a ubiquitous commodity valued by retailers and customers alike. Consumer sensitivity to petrol
prices was clearly demonstrated in the UK during August and September 2000 when there was a
“Petrol Crisis” consisting of consumer blockages of refineries and protests in reaction to soaring
fuel taxes. Over the summer of 2004, the issue of petrol prices has again been in the news, this
time due to rises in the price of crude oil resulting from a combination of political instabilities (the
[raq war, Nigerian rebels, Venezuelan strikes) and natural disasters (hurricanes in the Caribbean).

Typical approaches to modelling retail markets have involved the use of empirically based
models, for example regression models and spatial interaction models. However, these methods
are static and require geographically aggregated data. These techniques are also unable to model
the impact of individual retailer or consumer behaviour at more than one scale. However, build-
ing an agent-based model would be computationally very intensive. Using traditional methods
provides an easy way to incorporate well understood behaviour. Can a model be successfully de-
veloped and applied that combines the flexibility of the agent-based methodology along with the
strengths of traditional modelling?

The overall aim of this research is to examine the ways in which agent-based models can be

applied to modelling a dynamic, locally interacting retail market. To achieve the aim of this thesis,
the following research objectives were formulated:

1. Review and discuss the current state of agent-based applications in the petrol market high-
lighting potential areas for research.

2. Analysis of the real market data to look for evidence of spatial and temporal variabilities
and investigation of the suitability of empirical techniques to explain these variations.

3. Use agent technology to build a model to simulate the spatial and temporal variations in
price observed in a single commodity retail market.

4. Assess model responses to different configurations, initial conditions and rule sets using
both 1dealised and real data.

5. Investigation of objective techniques to select optimal values for the parameters in the agent
model.

6. Provide recommendations for future work in the form of a research agenda.



1.2 Organisation of the Thesis

Table 1.1 presents an overview of the thesis. This relates the 6 research objectives to each of the
chapters.

~Objective | Chapter —

1: Review and discuss the current state of agent-
modelling and the modelling of the petrol market
highlighting potential areas for research.

2: Retail Petrol Market
3: Agent-Based Models

2: Analysis of the real market data to look for ev-

idence of spatial and temporal variabilities and | 4: Real Data Analysis And Traditional
investigation of the suitability of empirical tech- Modelling

niques to explain these variations.

3: Use agent technology to build a model to sim-
ulate the spatial and temporal variations in price
observed in a single commodity retail market,

5: Agent Model Development
6: Hybrid Model Development

5: Agent Model Development

7: Experimentation With Idealised
Data

8: Experimentation With Real Data

4: Assess model responses to different configura-
tions, initial conditions and rule sets using both
idealised and real data.

S: ?nvestlgatlon of objective technlq.ues to select 9: Optimisation Using A Genetic
optimal values for the parameters in the agent Algorithm
model.

6: Provide recommendations for future work in | 10: Conclusions And Recommend-
the form of a research agenda. ations For The Future

Table 1.1: The relationship of the research objectives to the chapters.

Objective 1: Review and discuss the current state of agent-modelling and the modelling of
the petrol market highlighting potential areas for research.

Chapters 2 and 3 provide a detailed assessment of the petrol price market and a review of agent-
based modelling. Chapter 2 examines available information on the retail petrol market and reviews
current and past modelling approaches. The criticisms of these approaches leads to the introduc-
tion and review of agent-based modelling in Chapter 3. The basic introduction presented here
provides the necessary building blocks for the development of the pure agent model in Chapter 5.



Objective 2: Analysis of the real market data to look for evidence of spatial and tempo-
ral variabilities and investigation of the suitability of empirical techniques to explain these
variations.

Chapter 4) fulfils objective 2 by presents a detailed analysis of the real data used within the thesis.
Identification of general patterns within the data and price variation within different geographical
areas and station categories are also presented. Classifications for analysis of model results were
also derived along with study areas. These will be used within subsequent chapters for detailed
assessment of the hybrid and network hybrid models' (Chapter 8) performance. In addition, sim-
ilar empirical techniques to those used within the literature were applied to the data. This work
showed both the limitations and unsuitability of using such techniques for modelling the retail
petrol market.

Objective 3: Using agent technology to build a model to simulate the spatial and temporal

variations in price observed in a single commodity retail market.

The third objective of this thesis covers Chapters 5 and 6. The pure agent model is constructed
in Chapter 5 and initial experimentation undertaken with individual parameters and separate rule
sets. This an agent-based equivalent to the traditional modelling methods highlighted in Chapter
2 that do not take consumers into account. This model represents an attempt to build a pure agent
solution. Despite both operating successfully and performing sensibly, the agent model is limited
by the lack of any consumer behaviour.

Chapter 6 details the construction of a spatial interaction model for reproducing the behaviour
of consumers. A simple network model was also developed to re-distribute the population on
the basis of journey to work data. These additional models are linked to the agent model from

Chapter 5 to provide a hybrid and network hybrid model which included more realistic consumer
and market behaviour.

Objective 4: Assess model responses to different configurations, initial conditions and rule
sets using both idealised and real data.

The fourth objective of this thesis is concerned with testing and validating the hybrid and hybrid-
network models. This has already been partly undertaken in Chapter 5, the rest is presented in
Chapters 7 and 8. A comparison of the performance of each of the three models is undertaken
with robustness and sensitivity testing using both idealised (Chapter 7) and real data (Chapter 8).

Chapter 7 presents the experimentation with idealised data. By standardising the geography
and population, the behaviour and sensitivity of the hybrid’> model were tested through a series
of experiments. These experiments were designed to assess whether the model would produce
variations similar to those observed within the real market. Additional experimentation examined
the sensitivity of the system to small changes in individual parameters. This work also served to
validate part of the model performance.

IThe hybrid model is the spatial interaction model linked to the agent model. The network hybrid model is a
combination of the network, spatial interaction and agent model.

2 As the population and geography were idealised, the network part of the model within this chapter was redundant.



Within Chapter 8 the performance of the pure agent, hybrid and network hybrid models are
compared. The network hybrid model 1s used to perform more validation of the model by further
experimentation with data from different geographical and temporal periods. Diffusion experi-
ments are also performed to examine the sensitivity and robustness of the system when using the
real data.

Objective 5: Investigation of objective techniques to select optimal values for the parameters
in the agent model.

The fifth objective of this thesis is covered by Chapter 9. This chapter reviews various optimi-
sation strategies and justifies the choice of a genetic algorithm (GA) for this application. The
development of a genetic algorithm to couple to the hybrid and network hybrid models is detailed.
This GA produces optimal values for each of the parameters used within the model. The optimal

solution produced by the GA is compared with those derived in Chapter 8 and further tested on
data from different geographical and temporal periods.

Objective 6: Provide recommendations for future work in the form of a research agenda.

The final objective of this thesis is covered by the last chapter. In Chapter 10 the main research
findings are summarised and a set of generic guidelines for the application of hybrid agent-based
modelling methods to geographical systems are presented. The chapter concludes with a set of
recommendations for future research.



Chapter 2

The Retail Petrol Market

2.1 Introduction

One of the objectives of this thesis is to develop a model that can accurately represent the processes
and dynamics of the petrol market. A vital component of this is a thorough understanding of
the behaviour of retailers and consumers as well as other processes that may influence petrol
prices. The first half of this chapter is concerned with presenting a breakdown of the petrol market,
its structure, components of pump prices and published information on consumer and retailer
behaviour. The second half of this chapter will provide a context to this research by reviewing the
current literature on spatial and temporal price variations and spatial competition. The chapter will
conclude with a discussion of the scope and limitations of the methods reviewed for modelling the
retail petrol market.

2.2 The Retail Petrol Market

Petrol is one of the most valuable oil derived commodities, valued by retailers and customers
alike. Despite pressures on natural resources there is a rising demand for petrol associated with an
ever increasing individual mobility. At the end of 2002, there were 11,707 sites retailing over 36
billion! litres of motor fuel in the UK. This equates to an average of approximately 1,350 litres of
fuel consumed by each car and van per annum. Consumers are becoming ever more aware of petrol
prices. Internet sites such as the AA Petrol Busters (AA, accessed 2004) enable the consumer to
have almost perfect knowledge of prices within their area. This has created a highly competitive
and sensitive market, with organisations employing various strategies to maximise profits. This
sensitivity to petrol prices was fully borne out in the UK during August - September 2000 with the
“Petrol Crisis” and the associated fuel protests that were precipitated by soaring fuel taxes.

2.2.1 Structure of the Retail Petrol Market

The petrol retailing market in the UK is tightly controlled by a small number of companies. The
“major players” can be distinguished by a high degree of vertical integration, i.e. activity at all

! Although a UK billion is a million million, the figure quoted here is a US billion, a thousand million (Source:
OED).



stages of the petroleum supply chain, from exploration and drilling to extraction, pipelines, refin-
ing and processing. The sale of petrol at either company-owned forecourts or franchise/licence
agreements 1s the public face of these companies’ operations.

In 1999 - 2000 there were three “players” that dominated the UK petrol scene, Esso, BP and
Shell (Table 2.1). Between them, they accounted for a combined share of 47% of volume sales.
Texaco, Jet and Total/Fina/Elf formed a second tier within the market giving these five companies
62% of the retail petrol market. In addition to the standard petrol retailers, supermarkets and
hypermarkets have a 26% share of volume sales 1n 2000, compared to 20% in 1996. The remaining
8% of the market was made up of smaller operators and independents. Of these, the most notable
are Save and Q8, both with an estimated 1.5% of sales in 2000 (not tabulated), and Repsol and
Murco, who both have 1% (not tabulated).

1996 1998 %
Change

ESSO 6.20 6.65 18 | +7.3
BP/Mobil 6.20 17 5.55 15 | -10.5
Shell 5.11 14 5.18 14 | +1.4
Texaco 2.55 7 2.96 8 +16.1
Total/Fina/Elf - - 2.95 7 n/a
Jet (Conoco) - - 1.48 4 n/a
Supermarkets/ 7.29 20 9.61 26 | +31.8
Hypermarkets

Others 912 |25 |7 296 |8 |[-67.5
Total 3647 | 100 37.02 | 100¢ 36.97 | 100| +1.4

Table 2.1: Petrol and diesel retailers’ brand shares in the UK, 1996 - 2000. Figures are in millions
of litres. (Source: Mintel Intelligence Group Report, 2003).

2.2.2 Components of Petrol Pump Prices

There are several factors that control the price of petrol at the pump before any commercial pricing
strategy is enacted. These include government tax and duty; the cost of petrol on the open market
(crude o1l prices and exchange rates) and the costs and profits of the wholesaler and retailer. The
relative influences that these factors exert will be briefly reviewed in the following sections.

Fuel Tax and Duty

There are two purposes to the road fuel tax and duty in the UK. The first is an attempt to change
travel behaviour 1.e. reduce the amount that people use their cars in order to protect the environ-
ment; the second is to raise revenue. In 1999-2000, fuel duties (excluding VAT) raised 22.3 billion
pounds in the UK. This represented 6 per cent of total government revenue (HM Treasury, 2000).
Together, duty and tax currently make up approximately 75 - 80% of the pump price.



Cost of Petrol on the Open Market

In the Competition Commission (1990) report, BP, Esso and Shell were all asked to comment
on the relationship of the petrol pump price and internationally-traded Brent crude oil. Each
company acknowledged that there was a strong relationship between the two (only BP said that
this relationship was direct). Both Esso and Shell stated that the relationship was close but not
exact being subject to supply and demand pressures, time-lags and other competitive forces at
various stages of the supply chain.

Quantifying this relationship between petrol prices and crude oil has been the focus of numer-
ous studies. There is still no universal agreement on the precise relationship, but it i1s generally
agreed that while an increase in crude oil prices quickly leads to an increase in petrol pump prices,
a decrease in crude oil prices leads to a gradual decrease in petrol prices. This phenomenon 1is
known as the “rockets and feathers” effect (Bacon, 1991). This effect will be examined in more

detail in §2.5.2.

Exchange Rates

Crude oil is generally traded in US Dollars. The US Dollar/Pound Sterling exchange rate has
varied between $1.40 = £1 and $1.67 = £1 since 1998. This variation alone would cause a 20%
fluctuation in the pre-tax price of petrol in the UK when expressed in pence per litre. In times of
fluctuation, the influence of exchange rates can therefore be considerable.

Wholesaler and Retailer Costs

Petrol retailing is an extremely competitive business. Breaking down a petrol price of 74.9p; S7p
accounts for the duty and tax, 13.9p covers the cost of the product and the remaining 4p goes
to the retailer, referred to as the gross margin (Mintel Intelligence Group Report, 2003). From
this 4p, the wholesaler has to cover the costs of transporting the product from the refinery to the
distribution terminal and storage. The retailer also has to meet such costs as running the site,
employing staff and marketing.

2.3 Retailer Behaviour

The petrol industry is highly commercial with little published information detailing company
strategies or profit margins. One of the central aims of this research is to build a model that
can replicate the main processes and drivers of this system. This lack of information is a limitation
that will be addressed at several stages throughout this thesis.

However, there are two sources of published information that can be exploited. The first is the
Competition Commission’s (1990) report covering all aspects of the petroleum industry. Despite
being published in 1991, this weighty document contains invaluable information on price setting,
sensitivity and possible strategies that retailers employ. The second source is the recent research
by Ning and Haining (2003). Part of this work involved surveying both retailers and consumers
about their respective behaviour.



The following sections will use these two studies to provide a synopsts of retailer behaviour.
Consumer behaviour will be reviewed in §2.4.

2.3.1 Local Competitive Environment

When questioning retailers about the most important factor in setting their prices, Ning and Hain-
ing (2003) found that local competitor price levels were the most important influence. In a survey
of 42 stations in and around Sheffield over 85% of stations said that they had one or more ref-
erence stations for setting a price. For 83% of stations, this reference station was the nearest
neighbour, normally located on the same road. A similar finding was made by the Competition
Commission report. They found that 42%? of petrol stations had competition located within 1/4
mile; 60% had competition within 1/2 mile and of these stations, 82% said that they knew their
nearest competitor’s price.

Examining price differences between neighbours (defined by a straight line distance) showed
that in 60% of cases, the differences were less than 1p and in 82.7% of cases, differences were less
than 2p per litre (Ning and Haining, 2003). Few stations had price differences of 3p and where
these did occur, neighbouring stations were not located on the same road.

Supermarket stations were found to take other supermarkets as their main reference. One site

manager commented:

“If in a 3-4 mile radius there was another supermarket, this would be the main refer-
ence station.” (Site manager interview, Ning and Haining, 2003).

Some multinationals consider supermarkets as a basic reference in price setting:

“Esso stations aim to be within 2p per litre of Safeway.” (Site manager interview,
Ning and Haining, 2003).

However, if supermarkets are located at a distance, neither multinationals nor minors (smaller
chains of stations and independents) consider their price in setting their own.

2.3.2 Influence of Locality

The location of a petrol station was identified by both studies as exerting a significant influence
on price. For example, according to the Competition Commission’s report, a typical rural station
has an average throughput of 1 million litres per year. This is in contrast to 4 million litres at a
station located on an average busy road site and 8 million litres at a busy supermarket. Stations
with these lower throughputs require higher margins to cover operating costs such as increased
delivery charges. This results in the setting of higher pump prices to recover overheads.

- The amount of throughput is directly related to the number of potential consumers that sta-
tions have. Rural stations have a much smaller market than urban stations. Analysing potential
consumers in urban areas, Ning and Haining (2003) found that supermarkets have the greatest
number of potential consumers. Many of these consumers visit supermarket petrol stations as part

2The sample size is not given.
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of a “one-stop shop” or because of the incentives and discounts offered linked to their grocery
purchase. As a result of this, supermarkets were found to have the lowest median price and a nar-
rower price range than other stations. The median price of petrol stations on main roads (in urban

arcas) was found to be lower than those on minor roads. City centres were also found to have the
narrowest price spread as most sites charged the same price.

2.3.3 Price Setting

For many brand name and franchised corporations, it is the parent company that is responsible for
pricing on the forecourt. However, in the case of supermarkets, distributors have no say and the
pricing decisions are taken by the head office. For example, the Morrisons supermarket chain buys
its petrol from Shell, but prices are not influenced by the distributor:

“Even if Shell’s petrol price goes up, we would stick at the lower price.” (Site manager
interview, Ning and Haining, 2003)

The Competition Commission report questioned several petrol brands about price setting. BP
commented that prices were determined by competition, the effectiveness of which was shown by
the low levels of profitability earned. They added that:

“...individual wholesalers find it difficult to raise their prices above the level set by
market forces because to do so, would lead to a sharp loss of sales volume. No
company wants to put prices up because of the potential sales loss.”

Therefore, when prices were increased, there was a natural tendency to “hang onto prices” as
the input costs (typically crude oil prices) fell away. This response was representative of all the
stations questioned.

However, neither of the resources surveyed contained any information on possible aggressive
company strategies in pricing schemes.

2.3.4 Price Sensitivity

Price is obviously an important factor in determining sales volume and therefore profit. However,
at what level would an increase or decrease in price at a competitor cause a station to also increase
or decrease their price? Ning and Haining (2003) investigated this and the results are presented in
Table 2.2.

Price change (pence per litre)  Not Total
05 [10 [15 [20 _
Number responding to price increases | 6 17 ] 6 12 42
Number responding to price decreases | 7 15 1 7 12 42

Table 2.2: Reactions to competitors’ price increase or decrease per litre, (From Ning and Haining,
2003).
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From Table 2.2, it can be seen that most stations ignore a 0.5p per litre price difference and start
responding to match the price increase when price differences reach approximately 1.0p per litre.
A similar trend can be found in the downward shift in prices. Stations that selected “not relevant”
can be divided into two categories; (1) supermarket stations that see themselves as “price leaders”
offering the lowest price so other stations follow them; (2) franchised stations, where the site does
not share any profit or bear any costs for a price increase or decrease. Site managers in these
stations are not allowed to change prices without orders from the head office.

Supermarkets and Loyalty Schemes

Supermarkets are now a significant force in petrol and diesel retailing. In 2000, Tesco was the
leading supermarket in terms of petrol station forecourts with 332 sites (in England and Wales),
followed by Sainsbury’s (223), Safeway (178) and Asda (146). Supermarkets have seen a gradual
increase in market share as highlighted in Table 2.3.

Year | % Petrol | % Diesel

1996 21.8 15.4
1997 22,7 16.7
1998 24.0 17.5
1999 25.6 18.7

Table 2.3: Supermarket/hypermarket share of retail deliveries, by volume, 1996 - 1999 (Source:
Department of Trade and Industry).

Initially offering established branded forecourts, the establishment of “own-label” forecourts
was accompanied with a marketing strategy that focused on undercutting the competition. This
ploy was a dual success both attracting customers to purchase fuel and helping to expand sales
for the supermarket. This resulted in the major players, for example Esso, BP and Shell respond-
ing with enhanced loyalty schemes and price-matching policies, the most prominent of which
was Esso’s “Price Watch” ° introduced in 1996. Table 2.4 highlights some of the current loyalty
schemes offered by different supermarkets in response.

The effectiveness of such schemes are beginning to decline, apparently driven by a desire to
obtain the best price at the pump. This can be seen through the announcement of Asda to abandon

its loyalty card scheme and concentrate on promoting lower fuel prices (Independent on Sunday,
10th Feb, 2002).

2.4 Consumer Behaviour

Retailers aim to be as competitive as possible within their local area. The pricing level itself

is dependent on external factors such as crude oil prices, type of station (e.g. multinational or
supermarket) and location. The motivation behind this competitiveness is profit. This comes from

consumers patronising a particular station. However, is a competitive price the main motivating
factor for a consumer or do other factors come into consideration?

SESSO promise to match any competitor’s price within 3 miles.
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Place Scheme
Asda

No specific price scheme. Competitive prices in line
with other supermarkets.

Earn 15 Morrisons’ miles every full litre. Collect
4995 miles, get £5 shopping vouchers (equivalent to
saving of 1.5p per litre).

Petrol Payback: Save 2p per litre when spend £20
in-store; Sp when spend £50; 8p = £75; 12p = £100;
20p = £150.

Nectar card scheme; earn 1 nectar point for every
litre of fuel bought. Vouchers (500 nectar points
min) enable different rewards.

Earn one clubcard point for every £1 spent on petrol.
150 points = vouchers.

Morrisons

Safeways

Sainsburys

Tesco

Table 2.4: Examples of petrol incentive schemes operated at different supermarkets (Source: In-
ternet survey, April 2003).

2.4.1 Consumer Sensitivity

Ning and Haining (2003) surveyed households in the Sheffield area and asked whether they
thought that there was a difference in quality between brands. Only 20% replied that they be-
lieved this to be the case. This leaves considerable scope for consumers to make decisions on
where to buy petrol based on a range of other criteria. Factors that rated highly were price and
convenience. The sensitivity of consumers was also tested. Households were asked to estimate
the price difference per litre that would be necessary for them to switch to buying at a different
station. 50% claimed to be sensitive to a 3p per litre or smaller differential (although the amount
of this differential was not specified).

This work raises an interesting point about consumer knowledge. To react to prices, consumers
would have to have perfect knowledge of the prices within their locality. However Brannon (2003)
highlights that as consumers are unable to search costlessly for the lowest price in a market, perfect
knowledge is unlikely (see also Dudey, 1990). This statement is, to a degree, invalidated by the
rise of internet sites such as the AA Petrol Busters. However perfect knowledge in this context
assumes that each household has access to the internet and knowledge of the site.

2.4.2 Consumer Petrol Purchasing

Further work by Ning and Haining (2003) revealed that petrol was most frequently bought as
part of a trip to work. Shopping trips and social or recreational trips also accounted for a large
proportion of journeys where petrol was bought. Very few respondents regularly bought petrol
on school trips or made special trips to buy petrol. When asked where consumers purchase their
petrol, the most common answer was the station nearest the consumer’s home. No figures were
presented on the number of people who buy petrol at supermarkets and no comment was made
about the possible influence of loyalty schemes. However, the work of Haining (1986) indicated
that consumers do not show high levels of loyalty to particular brands.
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2.5 Approaches to Modelling the Petrol Market

The aim of the work presented here is to provide an understanding of the nature and scope of the
methodologies used in current and previous research modelling the petrol market. Approaches
can be divided into two broad areas; research that seeks to explain variations in price and studies
concerned with analysing the impact of competition strategies. The following sections will provide
an overview of both these areas using a mixture of theory and applications. Due to the considerable
size of literature on spatial regression modelling and spatial competition, the following sections
will be tightly focused on the petrol market. For detailed synopsis of spatial regression modelling
and spatial competition, the reader is referred to Haining (1985); Norman (1986) and Greenhut
et al. (1987).

In addition, this work is not meant to be a comprehensive review of all aspects of petrol mod-
elling and will not cover areas that are not directly relevant to this thesis. For example, high
frequency cycles (whether there is a weekly or monthly variation within petrol prices) and de-
mand models occupy a substantial amount of the literature and will only be briefly referred to. For
further information on these areas, the reader 1s directed to Castanias and Johnson (1993), Noel

(2002) and Eckert (2002, 2003).

2.5.1 Spatial Regression Modelling

Spatial regression modelling 1s concerned with attempting to explain observed variations in price
by seeking empirical relationships with other important variables such as crude oil price and pop-
ulation density. The following sections will present an overview of spatial regression modelling
focusing in particular on its applications to the retail petrol market.

Early Work

In early “spaceless” models, spatial price variation in integrated markets was often explained by
transport cost differences (Takayama and Judge, 1964). For example, the work of Samuelson
(1952) grouped buyers and sellers into regions (the only spatial concession), but attributed price
differences to varying supply and demand conditions and transport costs between markets. Other
reasons put forward within the literature to explain spatial price variation were market power of
producers and imperfect information on the part of the consumers.

Incorporating a spatial aspect allows individual buyers and sellers to occupy specific locations
in bounded or unbounded (infinite) space. By taking this approach, sellers can locate in strategic
places within the market and in relation to other sellers. Relationships between the market bound-
ary and other sellers can then be defined in terms of either transport networks or straight line
distances. As Fik and Mulligan (1991) highlight, these locations, for example, whether situated at
the edge of the market or near other sellers, will have price implications. Consumers will vary both
in their knowledge of the sellers (in terms of convenience and cost) and in their social-economic
profile. Together, these different elements will characterise the geography of the market area and
thus influence the magnitude and spatial distribution of price variations (Ning and Haining, 2003).

There has been a considerable amount of work on spatial variation. Faminow and Benson
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(1990) showed that evidence for market integration is affected as soon as the market is specified
in spatial terms (where sellers compete only with near neighbours and where consumers consider
only nearby sellers). Haining (1983a) constructed a supply-side model for spatial pricing in a
market in which sellers only compete with near neighbours. This model showed how prices would
vary spatially as a consequence. Sheppard et al. (1992) developed a model in which consumers had
choice sets that underlay the inter-site competitive structure in the market. In a later development
of this model, Haining et al. (1996) demonstrated how prices vary spatially under different profit
objectives given different assumptions about the choice-set structure linking the sites. This choice
set also reflected the road network of the urban area, an aspect of spatial competition also studied
by Fik (1991a).

Spatial price variation studies are dominated by empirical studies, the most common of which
have focused on groceries (see Campbell and Chisholm, 1970; O’Farrell and Poole, 1972; Parker,
1974). However, studying groceries can be complicated as consumers rarely buy just one product.
This means that there can be complex trade-offs in both pricing and in what consumers purchase.
When explaining price variation, it can be difficult to disentangle product inhomogeneity from
effects associated with location and the local competitive environment of the retailer (Ning and
Haining, 2003). One of the advantages of modelling the retail petrol market is that it is relatively
simple. It is a single homogeneous product and thus does not exhibit any of the trade-offs seen in
the grocery market. This homogeneity may also explain why, despite marketing efforts, consumers
tend not to show high levels of loyalty* (Haining, 1986).

Applications to the Retail Petrol Market

Almost all of the work examining price variations for petrol has stressed competitive factors. For
example, Claycamp (1966) showed the importance of local competition effects in a metropolitan
area of southeastern USA. Slade (1992) presented similar evidence from his study of petrol prices
in Vancouver. Other studies exploring the effects of local competition and price wars on price
setting include those by Allvine and Patterson (1972) and Schendel and Balestra (1969). More
recently, Haining (1983b) fitted a regression model to petrol price data in southwest Shefhield
during an intensive price war and Ning and Haining (2003) examined supply and demand side
variables in interdependent retail petrol markets. The study of Haining (1983b) and a similar
study by Plummer et al. (1998) on St Cloud Minnesota found site and location variables were
important. Prices were lowest at sites that concentrated only on selling petrol, had a relatively
large number of pumps, sold non-branded petrol and enjoyed a high level of accessibility within
the urban area.

Clustering of firms near the centre of a bounded market is often found wherever consumers
have limited information on prices, where the acquisition of such information is not costless, and
where competition is not intense (Dudey, 1990; Economides, 1993). This characterises many
types of retailing activity in urban areas and has implications for spatial price variation. In the
context of grocery retail pricing, Fik (1988) remarks

4 Although there is no evidence, it is likely that people have preferences for supermarkets due to in-store discounts
linked to food purchases.



15

“...spatial structure and firm density are the predominant forces which shape the ge-
ography of price.”

The more isolated a retailer, the higher the price. This is presumably because the retailer is
providing convenience and overall lower costs to a geographically defined subset of consumers.
Fik (1991b) observed that the clustering of retailers promotes lower overall prices and that price
patterns reflect the relative location of firms and the distance to the nearest and next-nearest rivals.
The larger the number of intermediate sellers between any two sellers the weaker the linkage
between their prices indicating more than a simple distance decay effect in the structure of spatial
competition (Mulligan, 1989). When assessing maps of petrol retailers Ning and Haining (2003)
found that there are typically tight clusters (at intersections of roads), strings (along principal
routes) and isolated sites (on side roads). This suggests that petrol retailing only partially meets the
conditions that induce clustering within an urban market. When exploring spatial price variation,
the petrol market can be viewed as having an added spatial complexity.

2.5.2 Temporal Price Variations

In addition to examining spatial variations, there has also been a focus on the variations in the
petrol market over time due to a variety of internal and external factors. Some of these factors
have already been highlighted in §2.2.2, for example fuel tax, duty and crude oil prices. Exam-
ining pricing asymmetries over time has formed a significant part of the work on temporal price
variations. According to Galoetti ez al. (2003), these studies generally differ in one or more of the
following aspects; the country under scrutiny (most often the UK and USA); the time frequency
and period of data used; the focus on wholesale and retail gas prices or o1l and gasoline prices and
finally the dynamic model employed in the empirical investigation.

The hypothesis that petrol prices increase at a faster rate than they decrease in times of tur-
bulence within international crude oil markets was first investigated by Bacon (1991) on the UK

market and termed the “rockets and feathers” effect. In every recurring period of tension in the
price of oil, there has been renewed interest about the level of petrol prices, the magnitude of its

cost components (including retailers’ margin), and the taxes that contribute to keep those prices
high and sluggish. The debate centres on the fact that petrol prices do not decrease at the same
rate as crude oil prices.

Manning (1991) further investigated this effect by assessing the impact of changes in oil prices
on UK petrol retail prices. The results showed some evidence of this phenomenon. Karrenbrock
(1991) examined the empirical relationship between the wholesale and retail petrol prices whilst
Shin (1994) related the average wholesale price of oil products to the price of oil; both studies
based on data from the US market. More recent studies have focused on the development of the
dynamic model and the incorporation of improved data. Borenstein and Cameron (1997) used
weekly data to confirm that retail petrol prices react more quickly to increases in crude oil prices
than to decreases. Reilly and Witt (1998) re-investigated the UK market emphasising the role
of the $ - £ exchange rate and potential asymmetries associated with it. Evidence was found to
confirm a positive relationship.

Mitchell et al. (2000) took a slightly unusual perspective by investigating the effects of sea-
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son, holiday and the weather on petrol prices. The results were intriguing; February to May
had the lowest prices, no apparent holiday effect was distinguished and a relationship between
mood/weather and petrol buying was apparent in two of the four cities investigated. Unfortu-
nately, the degree of influence that inflation may impose is not investigated.

The most recent work on this area was undertaken by Galoetti et al. (2003). His work differed
from those above by using comparable data to assess different international markets; application
of a suitable dynamic regression model allowed distinction between short-lived variations and
asymmetries. Finally, unlike Reilly and Witt (1998), the exchange rate was explicitly accounted
for. The results found overwhelmingly that the rockets and feathers effect dominates the price
adjustment mechanism of petrol markets in many European countries.

The models referred to above are all empirically based using mean price, not variance and dis-
regarding spatial effects. The work of Reilly and Witt (1998) is representative of such approaches.
This model was developed for examining the relationship between the net retail price, crude oil
price and exchange rate. In its simplest form it can be expressed as:

Ap; = 0O+ B]dC X AC; + BzACf -+ B}dx X Ax; +
BaAx; +FB1 + Y2011 +Y3x-1 + 12 + & (2.1)

where:
e C is the crude o1l price.

e P is the UK retail petrol price.
e X is the dollar/sterling exchange rate.

e A is the first difference operator.

e & 1S an error term.

The small letters denote the natural log of the variable with a capital letter, ¢.g. ¢ = log(C). The
set of B coefficients gives information on the short-run effects of crude oil prices, the exchange
rates and the net retail price of petrol. Long terms effects are monitored by ¥ parameters. Two
binary variables, dc and dx, are defined to be 1 when the growth in related variable ¢ or x is
positive and 0 when it is negative. The coefficients are found by fitting the equation to the data. If
the coefficients B; and [3; are found to be non-zero then there is an asymmetry in the price changes.
The term u¢ is a deterministic time trend included to capture the effects of other costs on the retail
petrol price. ¢ is the time and y is a constant.

The research on temporal price variations serves to emphasise an important point: successful
modelling of petrol prices cannot be undertaken in 1solation (i.e. by just looking at the relationship
between two variables); account must be taken of both internal and external factors. The retail
petrol market 1s complex and for accurate modelling, account must also be taken of other factors,
for example, company strategies, effects of geography and consumer behaviour.
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2.5.3 Spatial Competition

Spatial competition can be defined as the attempts of retailers within a geographical area to be
more successful (by cheaper prices, marketing strategies etc) than their competitors in the local
neighbourhood. The study of spatial competition has attracted many researchers since Hotelling
(1929) published his much quoted paper. The various modifications and extensions of the orig-
inal model have introduced alternative cost structures (d’Aspremont et al., 1979; Economides,
1986), examined circular and two dimensional markets (Salop, 1979; Tabuchi, 1994; Veendorp
and Majee, 1995), markets with non-uniform customer distributions (Tabuchi and Thisse, 1994)
and markets with multiple firms (Eaton and Lipsey, 1975; De Palma et al., 1987). Except for a
few papers (e.g. Precott and Visscher, 1977; Neven, 1987; Gupta, 1992), most studies on spatial
competition assumed that firms choose locations simultaneously, that locations can be changed in-
stantly and with little cost and that market demand is fixed, thus ignoring some important strategic
dimensions of the location decision.

A vast amount of the reviewed literature has been directed at location analysis, choosing sites
and suitable strategies to optimise profits (see Tabuchi, 1999; Zhou and Vertinsky, 2001; de Frutos
et al., 2002; Brekke and Straume, 2004; Camacho-Cuena et al., 2004). These approaches use
idealised environments and are typical of many of the models used within spatial competition. For
example, they have uniform pricing, consumer distribution and demand. The environment that
they compete within is normally a derivative of Hotelling’s linear city (competitors equally spaced
along a line) or Salop’s (1979) circular market (competitors equally spaced around a circle). The
work of Zhou and Vertinsky (2001) is unusual in considering some dynamic aspects by looking
at a growing market where demand increases with time. Although this is an advancement, this
is still a highly idealised problem. Many of these studies are also concerned with the wholesale
market (one company selling to another) rather than the retail market (one company selling to
many individual buyers).

Research on spatial competition within retail markets generally differs in scope, but works are
linked by the following two issues; what determines the equilibrium pattern of locations of firms
and what are the properties of the equilibrium prices if there is spatial competition between firms?
Two conclusions are generally reached; retail shops have a tendency to be densely located in areas

with a high population density and equilibrium prices tend to be lower if there is a high density of
sellers (Fik, 1991b; Clemenz and Gugler, 2002).

2.5.4 Spatial Competition and the Retail Petrol Market

In an attempt to place the spatial modelling of prices onto a sounder theoretical basis, concepts
have been borrowed from economics. These ideas provide a useful framework within which to
begin modelling retail markets. For example, economists usually begin an analysis of a particular
market by assuming that it resembles the standard, perfectly competitive model, Here the goods
sold are homogencous, there are many atomistically small buyers and sellers who have perfect
price information, and prices are perfectly flexible. The theoretical implications of a perfectly

competitive market are that firms will earn no economic profit and operate at an efficient level
(Greenhut et al., 1987).
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No market contains all of the characteristics of the perfectly competitive ideal (d’ Aspremont,
2000). The retail petrol market lacks several of these characteristics. For example, while there are
many different buyers of petrol, there are relatively few sellers in a given market. Each station does
have some degree of market power, meaning that it is not constrained to charge the same price as
its rivals. While the petrol is itself largely homogeneous, firms can distinguish their product in
other ways by offering a superior location or services such as cheap car washes or location next to
a supermarket. This allows each seller of petrol a modicum of market control.

An important feature of spatial competition is the assumption that each consumer will make
purchases at the shop where total costs (consisting of price and transport costs) are the smallest.
This is also based on the assumption that the consumer has perfect knowledge. Despite adver-
tising boards and postings, neither customers nor retailers ever have perfect information at any
time. Brannon (2003) highlights that consumers cannot costlessly search for the lowest price in a
market® and firms also expend resources trying to find their competitors prices as well.

Consequently, each shop has a local monopoly whose geographical size depends on the prices
charged by the nearest competitors and the transport costs consumers have to incur at different
shops in a given area (Clemenz and Gugler, 2002; Ning and Haining, 2003). With increasing dis-
tance from competitors, petrol stations are able to charge higher prices (Competition Commission
Report, 1990). These higher prices are also dependent on the availability of a local market. This
trend is particularly evident in rural areas.

Brannon (2003) highlights that most empirical research undertaken on petrol markets suggests
that the primary problem in the market is not predatory pricing, but rather a propensity towards
price collusion. Borenstein and Shepard (1993) and Borenstein and Cameron (1997) suggest that
in an oligopolistic setting where there is uncertainty about competitors’ costs, prices may be sticky
downwards because retailers engage in focal point pricing. This argument is a refinement of
the “trigger price” model of oligopolistic coordination proposed by Green and Porter (1984). In
response to a negative cost shock, a firm may be reluctant to change its price before its competitors
have, implying that the old price offers a focal point. Retailers are not assumed to exercise similar

restraint after a positive shock. This last mode of behaviour is described as the “rockets and
feathers” effect (described earlier in §2.5.2).

Modelling the Retail Petrol Market

There are comparatively few studies concerned with modelling the petrol market. One of the
exceptions to this comes from the work of Sheppard et al. (1998). This study exemplifies how
spatial competition methods use highly idealised conditions. Sheppard et al. (1998) empirically
experimented with different strategies for attaining profit. Firms were uniformly distributed, each
with a sub-market (the part of the city which is the nearest to them). Demand was uniform and the
share that each firm received dependent on their pricing relative to their neighbours or the other
firms within their market. Using this situation, Sheppard et al. (1998) assigned different strategies
for maximising the rate of profit or the total profit. The results showed that maximising the rate of

SDevelopment of web-based price awareness sites for example the AA Petrol Busters (AA, accessed 2004), partly

invalidate this statement. Customers are able to search within their locality for the cheapest petrol at little expense or
inconvenience to themselves.
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profit gave better results than attempting to maximise the total profit.

This approach carries several criticisms. No account was taken of any geographical influences,
all the stations operate the same rules and the market is assumed uniform. It would be impossible
to apply a model this idealised to a real market.

Another example of using spatial competition to model the petrol market comes from the
work of Chan et al. (2003). Chan et al. examined the location of petrol stations and pricing
within Singapore using two empirical models. The island was divided into grids and the potential
demand (based on factors such as population, median income and number of cars) was calculated
using one model. Stations were located where the demand was greatest. The various parameters
were adjusted so the location of the predicted stations matched the actual station locations. The
second model assessed the market share. The amount each station sold was dependent on various
factors such as distance between stations, market conditions and price. To set the price, one of
two possible profit strategies was used. The first strategy allowed each station to maximise its
own profit, the second enabled a chain of petrol stations to maximise their profits. The various
parameters for different strategies were estimated based on the real data. The conclusion reached
was that market share is positively influenced by price, location and number of pumps.

The models presented by Chan et al. (2003) and Sheppard et al. (1998) are both steady state
models. Both make assumptions about the probabilistic distribution of market share based on
factors such as price and distance and use this to calculate profit levels. As a result of this approach,
both models are specific to a certain set of locations and markets. They can be used to model the

impact of a station closing, but could not be applied to dynamic real data scenarios, for example
the consequences of a rapid increase in crude o1l prices.

2.5.5 Artificial Intelligent Approaches to Petrol Price Modelling

The petroleum industry has been amongst one of the first to use Al techniques, for example DIP-
METER ADVISOR and PROSPECTOR are often mentioned as being examples of early classic
systems (Alvarado et al., 2004). The focus of these systems are strategic with multi-agent architec-
tures being found in applications where distributed decision-making is advantageous, for example
flexible manufacturing control, planning and scheduling, diagnosis, process design, modelling and
diagnosis and supply chain management (Braunschweig and Gani, 2002; Sheremetov et al., 2004;
Sherstuk, 2004). Of the literature surveyed, there was no published work on the application of
artificial intelligence to modelling any aspect of the retail petrol market.

Several conclusions can be drawn from this. The focus of many of the empirical studies was
to quantify the relationship between petrol price and one other variable. There are no attempts
to model the processes surrounding price setting or interaction between stations in a competitive
neighbourhood. This tight focus in empirical studies could simply be a result of a lack of detailed
data and suitable computing resources. Whatever the reason for this focus, both data and compu-
tational resources have greatly improved and there is now the opportunity to use new techniques
to explore previously barren areas.
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2.6 Conclusion

The purpose of this chapter has been to present an overview of the retail petrol market and demon-
strate how previous research has attempted to model it. A detailed synopsis has been supplied on
the structure of the market, the main players and the components that contribute towards petrol
prices. With information drawn from Ning and Haining (2003) and the Competition Commission
(1990) report on consumer and retailer behaviour, the petrol market can be viewed as being a com-
plex system with many processes combining at different spatial and temporal levels towards the
final price. The information gathered provides a firm basis on which to construct a model that is
suitable for modelling the intricacies of petrol pricing.

Current approaches taken towards modelling the petrol price market were reviewed. These
were presented in two main sections, spatial regression modelling and spatial competition. The
limitations associated with each approach were neatly summarised by Plummer (1996) who com-
mented that:

“Typically, these models are largely confined to aggregate inter-regional and inter-
sectoral long-run analyses or are limited to a range of institutional structures in which
firms are considered to act as if they were independent entities operating in spatial
markets”.

For example, in spatial regression modelling, detailed geography and customer behaviour are gen-
erally disregarded, whilst the models used in spatial competition are highly idealised with uniform
pricing, demand and consumer distribution. None of the approaches reviewed sought to model
the full complexities of the system, for example temporal asymmetries in pricing were researched
with no account of geographical factors.

Such models as those reviewed are mathematically based and as such present certain general
problems (Pave, 1994). For example, empirical models link up parameters that are all on the
same scale of analysis. It is not possible to make the behaviours executed at the ‘micro’ level
correspond with the global variables measured at the ‘global’ level. Equations used within these
models are generally complex, containing large numbers of parameters that are both difficult to
estimate and lacking realism. These models also tend to be over calibrated to the degree that they
are essentially large regression equations with more meaning in the coefficients than the variables.
By their nature, mathematical models only consider quantitative parameters. Valuable information
can be input to a model by use of qualitative data. |

Finally, it is difficult to take into account the actions of individuals and therefore the modifica-
tions to the environment which results from their behaviour. As Ferber (1999) highlights,

“If we consider actions only in terms of their measurable consequences at the global
level, or of their probability of appearance, it will be difficult to explain phenomena
emerging from the interaction of these individual behaviours, in particular all those
relating to intra- and inter-specific cooperation.”

Retail markets are extremely important, but economists have few practical tools for analysing
the way dispersed buyers and sellers affect the properties of markets. There is a need to both
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improve and extend current approaches if the retail petrol price market is to be successfully mod-
elled. An alternative technique that will hopefully rectify many of the problems highlighted will
be introduced in Chapter 3.



22

Chapter 3

Agent-Based Systems

3.1 Introduction

Chapter 2 presented an overview of the petrol price market. In particular the characteristics of the
market were described along with a review of current modelling approaches. The conclusion was
drawn that the retail petrol market is a complex system with various parameters exerting different
levels of influence. None of the research reviewed took account of this, rather the emphasis was on
modelling the relationship between petrol prices and one other variable, normally crude oil prices.
Although the research of Ning and Haining (2003) identified spatial factors as being an important
part in determining petrol pricing, almost none of the models took this into account. The empirical
basis of many of these models prohibits individual stations being modelled. This means that the
impact of different pricing strategies at different geographical scales cannot not be assessed.

Chapter 2 ended with a call for a different modelling perspective for the petrol price market
that would rectify the limitations of previous empirically-based approaches. There are a number
of software paradigms that are available for modelling complex systems. These include object-
orientation (Booch, 1994) and component-ware (Szyperski, 1998). However, when it comes to
modelling complex systems as typified by the petrol market, they fall short in two ways. The re-
lationships between computational entities are too rigidly defined and there are insufficient mech-
anisms available for representing the systems’ inherent organisational structures (see Jennings,
2000, for further details).

One technique which avoids many of these problems is the use of agents. Agents are a rela-
tively new paradigm for developing software applications. The origins of the concept evolved from
the Concurrent Actor model of Hewitt (1977). This model proposed the concept of self-contained
“actors” that communicated with other concurrently executing actors through messages. Their vast
potential in designing and building complex systems (Jennings, 2000) coupled with the increase
in computing power and the advantages that they offer over traditional approaches has resulted
in agent-based models becoming an increasingly popular and powerful tool within geographical
applications (O’Sullivan and Haklay, 2000). Current applications can be found within the scope of
commercial (shopbots, Greenwald and Stone, 2001), industrial (air traffic control systems, Kinny
and Georgeff, 1996) and geographic applications (Transims, (Los Alamos National Laboratory,
accessed 2004) and Sprawlsim, (Torrens, accessed 2004)). This section presents a brief overview
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of the nature of agents, their suitability for modelling complex systems and a brief review of cur-
rent agent applications.

3.2 Definition

There is no universally agreed definition of an agent (see Franklin and Graesser, 1996, for addi-
tional discussion) with researchers continually debating whether definition should be by an agent’s
application or environment (Goodwin and Wright, 1993; Brenner et al., 1998). With an ever-

increasing list of agents appearing (Nwana, 1996), the most useful characterisation comes from
Wooldridge and Jennings (1997):

“An agent is an encapsulated computer system that is situated in some environment
and that is capable of flexible, autonomous action in that environment in order to meet

its design objectives.”

Autonomy is a fundamental notion for agents (Castelfranchi, 2001). All agents are inherently
endowed with autonomy (Ferber, 1999). Autonomy allows agents to function as an indepen-
dent unit performing a variety of actions necessary to achieve its objectives whilst responding to
changes in both other agents and its environment (Castelfranchi, 2001; Roozemond, 2001). This
is extremely useful as it allows the agents to take into account local and updated information
providing them a firmer basis on which to make future decisions.

Jennings et al. (1998) widened Wooldridge’s definition to include the following characteristics:

- Social ability: communication with other agents.
- Reactivity: perceiving their environment and reacting to changes in it.

- Proactiveness: capability to exhibit goal-directed behaviour by taking the initiative.

These characteristics, along with the definition of Wooldridge and Jennings (1997) empha-
sising autonomy and flexibility, provides a set of attributes that should be present within a single
software entity to provide the power of the agent paradigm. They distinguish agent systems from
related, and often integrated, software paradigms such as object-oriented systems, distributed sys-
tems, and expert systems (see Jennings, 2000, for a discussion). This is not to say that this list
is exclusive; within an application each agent could potentially have a different set of attributes
but would contain the essential characteristics outlined by Wooldridge and Jennings above, How-
ever, some agents may have additional characteristics and for certain types of applications, some

attributes will be more important than others (Jennings et al., 1998). This means that there can be
many different types of agents within one simulation.

3.3 Agent Architectures

An agent architecture is a particular methodology for building agent systems that specifies how
agents may be decomposed into component modules, and how these modules interact with their
environment via sensory input (Roozemond, 2001). This definition differs from the architecture
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of a collection of agents where the focus is on the communication, coordination and cooperation
between agents. The most common architecture used is a Multi-Agent System (MAS) (see Stone
and Veloso, 1998; Ferber, 1999, for a discussion of other architectures). MAS are concerned with
the behaviour of agents aiming at solving a given problem (Jennings, 2000). MAS can be defined
as a loosely coupled network of problem solvers that work together to solve problems that are
beyond the individual capabilities or knowledge of each problem solver (Sen et al., 1998). These
problem solver agents are autonomous and may be heterogeneous in nature.

MAS have several defining characteristics. Each agent has incomplete information, or capa-
bilities for solving the problem (i.e. each agent has a limited viewpoint), there is usually no global
system control, data is decentralised and computation is asynchronous. In addition, as Tsvetovat
and Carley (2002) have highlighted, these architectures inherently possess the following properties
that are invaluable in simulating complex systems:

- Spatial realism: Many artificial intelligence (Al) based simulations are built on the concept
of agents or cellular automata operating on a grid of a specified shape. Interactions are based
on the concept of proximity, defined by distance between agents on the grid. However, the
choice of grid shape and type of neighbourhood is often arbitrary and often does not carry
any recognition of realism. Within MAS the agents are governed by the formal structure of
the organisation and the agents’ beliefs about the informal structure. This allows modelling
of ideas and concepts to be based on what is observed in reality.

- Temporal realism: The majority of simulations are synchronous - based on the idea of time
periods and “turn-taking”. This provides an adequate approximation of simple interactions,
but does not model simulations of protracted interactions. More realistically, real world
interactions are of an asynchronous nature. MAS structures allow this behaviour.

- Information flow realism: In MAS, agents do not have perfect knowledge about the world.
The way for them to obtain knowledge is to ask other agents - or obtain the information
via an exchange interaction. This type of behaviour is especially important in a simulation
where the agents are competitive.

- Task realism: To be successful in modelling a complex system and completing an as-
signed task, the MAS must accurately represent the processes present in the real system. In
modelling emergent phenomena such as market behaviour, a simulation environment that
contains large numbers of agents 1s required. If the agents are too “simple”, not possessing
enough knowledge of processes within the system, they will not be able to replicate the
observed behaviour.

Using a MAS architecture brings the advantages of robustness, efficiency and the ability to solve
problems in which data, expertise, or control is distributed (Jennings, 2000). This is of particular
use within applications that are geographical (i.e. spatially distributed) in nature.
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3.4 Interactions

Using an agent perspective requires multiple agents to represent the decentralised nature of the
problem. This requires interaction, either to achieve the objectives or manage dependencies that
ensue from being in a common environment (Jennings, 2000; Castelfranchi, 2001). Interactions
develop out of a series of actions whose consequences in turn have an influence on the future
behaviour of the agents (Ferber, 1999). These interactions can range from simple information
exchanges to cooperation, coordination and negotiation in order to arrange independent activities
and are a central feature of an agent (Batty et al., 2003). There are numerous ways in which inter-
actions can be organised, for example message-passing systems and blackboards (see Haverkamp
and Gauch, 1998; Ferber, 1999, for a detailed discussion). Implementation of these organisations
is dependent on the application under consideration. Agents can simply operate by passing or
requesting information between themselves as required.

Jennings (2000) conceptualises these interactions as taking place at the knowledge level where
the interactions form some sort of passing of information. As these interactions form part of
some wider goal, there is typically some underpinning organisational context between them which
defines the nature of their relationship and consequently their behaviour (Cavezzali and Rabino,
2003). In many cases these relationships are subject to ongoing change. The social interaction be-
tween agents means that existing relationships evolve and new relations are created. This flexibil-
ity and partial control is quite different from hard-wired engineering that can be found in non-agent
approaches.

3.5 Agent Behaviour

Each agent in an agent architecture has internal states and behavioural rules. The internal state
could relate to variables associated with the agent, for example, “I am thirsty” while the be-
havioural rules simply dictate the procedure of behaviour to be taken e.g. “I am thirsty. Go to
the tap, fill up a glass of water and drink it”. Some of these states can be fixed over the life of the
agent while others change through interaction with other agents or with the external environment
(Epstein, 1996). This allows many different systems to be represented. For example, shopbots
are electronic agents whose primary function is to search for information on products and mer-
chants on the Internet (Kephart et al., 2000), Doran (2003) created agents with beliefs to model
the interaction of groups with different religious views and Axelrod and Scott Bennett (1997) used
agents to examine cooperation and competition to determine which nations would aggregate into
alliances.

Additionally, agents can simply be the facilitators of decisions made by other models or use
information from other models to help inform their decision. For example, Sprawlsim (Torrens,
accessed 2004) was partly developed as a MAS to help researchers and public planners experiment
with ideas about suburban sprawl. The model is built in a hybrid fashion; top-down dynamics are
handled by traditional aggregate land-use and transportation models while bottom-up dynamics
are simulated with cellular automata (for urban infrastructure) and MAS (representing population
dynamics). Beltratti ef al. (1997) constructed an agent-based model for market simulation that
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used artificial neural networks to inform the agents about the state of the market. The research of
Parsons and Wooldridge (2002) focused on using game theory to allow the agents to make the best
decision based on information available to it.

Giving agents the ability to learn allows them to modify their behaviour and maintain their
performance in a dynamic environment. Learning can be achieved through symbolic (rule based)
or sub-symbolic (connectionist based) mechanisms that define how and what they learn. If an
agent exists in a dynamic environment, or is tasked with learning concepts, it may be necessary
for the agent to modify its learning behaviour in order to maintain its performance. The work of
Holland and Miller (1991) on modelling the stock market emphasised the importance of allowing
agents to learn. They used genetic algorithms and classifier systems to generate the best possible
strategies for the agents to take. This approach was also taken by Palmer (1994).

3.6 Environments

As the definition of Wooldridge and Jennings (1997) states, agents are situated in some sort of
environment. There are many types of environment ranging from distributed to highly centralised
(Ferber, 1999) and just as there can be many different types of agent in a simulation, there can
also be many environments (Batty and Jiang, 1999). Russell and Norvig (1995) suggested the

following environmental properties:

- Accessible v inaccessible: Accessible environments are where the agents obtain current

information about the environment. Most real-world environments (physical world and the
Internet), are not accessible In this sense.

- Deterministic v non-deterministic: A deterministic environment is one where any action

has a single guaranteed effect; there i1s no uncertainty about the state that will result from
performing an action.

- Static v dynamic: Static environments are assumed to remain unchanged, except by the
performance of the agent. With dynamic environments, processes other than the agent con-

trol the outcome.

- Discrete v continuous: Discrete environments have a fixed number of actions and percep-
tions within it.

It is simpler to construct an agent if the environment is accessible, the quality of the agents
depends on the quality of the information available.

The non-deterministic environment captures several important aspects of environment. Firstly,
agents have a limited sphere of influence (partial control over their environment) and secondly,
actions performed by agents are done with the aim to bring about some desired state of affairs.
Non-determinism captures the fact that some agents can fail. Almost all realistic environments are
non-deterministic because of their complexity.

Dynamic environments have two important properties for agents. An agent trying to decide
on a course of action at time #; cannot assume that the environment is the same as it was at an
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earlier time, #5. Even if the state of the agent is the same at both times the decision on a course
of action may be difterent because of the different environment. This means that for an agent
to perform an appropriate action, it must perform information gathering actions to determine the
state of the environment. Wooldridge (2002) argues that static environments are easier to design
for because the agents only need to perform information gathering once. If the information that
an agent gathers 1s correct and it correctly understands the effects of its actions, it can accurately
predict the effects of its actions. In a static environment, the agent never needs to worry about
coordinating or synchronising its actions with other processes.

Discrete environments are seen to be easier to design agents for than continuous environments.
This is for several reasons; digital computers are discrete-state systems, they can simulate contin-
uous systems, but have some degree of mismatch - information that a discrete state agent uses in
order to select an action in a continuous environment will be made on the basis of information that
is inherently an approximation.

3.7 Suitability for Modelling Complex Systems

A crucial aspect of any research design is using the most appropriate model for the problem. There
can be many different options, but within software design Jennings (2000) outlines that the most
powerful abstractions are:

“those that minimise the semantic distance between the units of analysis that are in-
tuitively used to conceptualise the problem and the constructs present in the solution
paradigm”

Of course, the degree of conceptualisation will depend on the complexity of the system under
examination.,

Agent-orientated approaches advocate the decomposition of problems into small components.
Decomposition is a natural metaphor for real complex systems that are always distributed and have
multiple loci of control (Meyer, 1988). Agents are autonomous, they know when they should be
acting and when they should update their state. This self-awareness reduces control complexity
since the system’s control “know-how” is taken from a centralised repository and localised in-
side each individual problem solving component (Jennings, 2000). Additionally, as decisions are
made by the agents about what actions should be performed, this allows decision making to be
responsive to the agent’s actual state of affairs, rather than some external entity’s perception of
this state.

The retail petrol market was introduced in Chapter 2. This system can be viewed as being
complex. In simplistic terms, changes in petrol prices at a local level are influenced by location
and number of competitors and amount of custom. At a regional or national level, influences such
as taxation and crude oil prices become significant. Company policies for large chains of stations,
for example Esso, are also likely to act at this level. All these factors interact to form the final
price.

This type of system lends 1tself to being represented by an agent structure. As Batty and Jiang
(1999) comment,
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“agent-based simulation is perhaps most appropriate where local spatial operations
are the focus”

This is then particularly appropriate for the petrol pricing market where the presence of the
local competitive environment (see Chapter 2) appears to be a driving factor. Jennings (2000)
emphasises this strong relationship between “notions of subsystems and agent organisations”. The
agent structure is concerned with the interaction of a number of components and their role in
solving the problem. Complex systems also involve changing relationships between different
parts of the system; this requires that various components are treated as a single conceptual unit.
Using a distributed approach allows individual areas of expertise to be encoded into particular
agents, thus modelling the real-world problem 1n an “intuitive, modular and therefore expandable
manner” (Anumba et al., 2002). An agent-mindset provides a suitable abstraction for managing
and representing organisational relationships.

3.8 Potential Drawbacks

Agent-based systems have a great deal to offer the modelling of complex real-world systems such
as the retail petrol market. However, the nature of the agent paradigm leads to a number of prob-
lems that are common to all agent-based applications.

Firstly, there may be no overall system controller (Jennings et al., 1995). An agent based
solution may not be appropriate for domains where global constraints have to be maintained, for
example, in domains where a real-time response must be guaranteed. Secondly, there are no global
perspectives. This is due to an agent’s action being determined by its local state. However, since in
almost any realistic agent system, complete global knowledge is not a possibility, this may mean
that agents make globally sub-optimal decisions.

Decisions about the number, pattern and timing of interactions depend on a complex interplay
of the agent’s internal state. For example, the agent’s perception of the environment and organ-
isational context that exists when the decision is made. A combination of these factors makes it
difficult to predict the outcomes of the behaviour. This relates closely to the degree of variability
that the agent may request and what the result is; the nature and outcome of an interaction can-
not be determined at the onset. Another source of unpredictability in agent-orientated systems is
due to emergent behaviour. The end behaviour of agents cannot be deconstructed in terms of the
behaviour of the individual components (Ferber, 1999).

However, depending on the application, some of these disadvantages can be avoided by using
interaction protocols. These can include mechanisms such as game theory, whose properties can
be formally analysed by adopting rigid and preset organisational structures. The aim of this type
of procedure is to reduce the unpredictability of the system. However, the drawback is that the
power of the agent based approach becomes limited (Jennings, 2000).

3.9 Application Domains

Agents are autonomous entities that can act independently or with other agents depending on their
task. They can therefore encapsulate a wide variety of entities from humans to robots to software
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agents (Batty and Jiang, 1999). This is reflected in the variety of current agent applications. Many
examples can be found including air traffic control (Kinny and Georgeft, 1996), planning and
scheduling (Sheremetov et al., 2004) and creating special effects in the film industry, for example
the Massive program (Massive Ltd, accessed 2004) used to generate battles in the Lord of the
Rings films.

The following sections will provide an overview of some of the current applications within
geographical and economic research areas.

3.9.1 Geographical

The use of agent-based systems in geographical applications is ever increasing. Unlike the earlier
generation of quantitative models in geography (for example spatial interaction models), software
development is guiding agent formulation (Batty and Jiang, 1999). There has been, and is still
ongoing, a considerable effort to provide easy to use software platforms. Tobias and Hofmann
(2004) critiqued numerous platforms and produced a list of four that they felt were sufficiently
optimised towards social science applications. These platforms are RePast (University of Chicago
Social Science Research Computing, accessed 2003), SWARM (Swarm development group, ac-
cessed 2003), Quicksilver (Burse, accessed 2003) and VSEit (Brassel, accessed 2003). Each of
these platforms allowed agents to be modelled as free and complex objects (for other details on
selection criteria see Tobias and Hofmann, 2004). However, despite the increasing usability of
these systems, many applications use custom built agent-systems. This is partly due to the ab-

sence of one widely accepted platform and the difficulties associated with customisation for the
requirements of different applications.

The main bulk of agent research within geographical applications can be found within the
scope of “human” geography. For example, Schelhom et al. (1999) developed STREETS, an
agent-based model of pedestrian movement in urban environments utilising the SWARM plat-
form. Research at the Centre for Applied Spatial Analysis has produced models for simulating
the movement of pedestrians around the Tate Gallery and Notting Hill carnival (CASA, accessed
2004). The work of Beneson et al. (2001) used an agent model to examine the movement of house-
holds within Tel Aviv for socio-economic reasons. Barros and Sobreira (2002) adopted a similar
approach by using an agent-based model to focus on the process of consolidation of inner-city
squatter settlements within a peripherisation process.

The concept of simulating patterns at an individual level is not solely restricted to pedes-
trian movements and migration patterns. The TRansportation ANalysis SIMulation System (Los
Alamos National Laboratory, accessed 2004) models, at an individual level, simulations of traffic
flow. Its overall aim is to produce a more realistic simulation to enable changes to transportation
networks. In a similar manner, the Urban Traffic Control (UTC) system developed by Roozemond
(2001) used agents to adjust traffic control systems.

In addition to these applications, agent-based models are also being used to model processes
at large or multiple spatial scales, thereby allowing researchers to experiment with different ideas.
Sprawlsim (Torrens, accessed 2004) is such a tool, developed to enable researchers and planners to
experiment with urban sprawl at a city scale. Evans and Kelley (2004) developed an agent-based
model to perform multi-scale analysis of landcover change and Parry et al. (2004) are currently
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developing an agent model to simulate insect movements over varying geographical scales.

3.9.2 Economic

One of the niches in which the use of agents is rapidly increasing is that of electronic commerce
(Crabtree, 1998; Guttman et al., 1998). Here, economic applications involving agents can be
broadly divided into two main areas; the exchange of information and bulk market simulations.

Kephart et al. (2000) claims that within the next decade, the Internet could be populated with
billions of agents exchanging information goods and services with one another and people. In
these applications, agents help to “grease the wheels” that must turn in order that goods and
services can be bought and sold across the Internet (Parsons and Wooldridge, 2002). The most
popular and well researched class of wheel-greasing agents are shopbots, agents which search
the Internet on behalf of consumers, comparing prices across dozens of web sites (Kephart et al.,
2000; Markopoulos and Kephart, 2002). Shopbots are valuable to both consumers and suppliers
alike. For consumers, costs (in terms of both time and money) are cut, for suppliers the costs of
advertising etc are reduced. As a result of the success of these agents and their potential to affect
the ways markets operate, further research has investigated the impact of shopbots in single com-
modity markets, modelling the behaviour of both buyers and sellers using game theory techniques
(Kephart et al., 2000).

The use of game theory to analyse complex interactions in MAS is an area that, although not
directly relevant to the work within this thesis, should be briefly alluded to. Game theory is a
branch of mathematical analysis developed to study decision making in conflict situations. There
is a considerable amount of work on developing optimal game plans and strategies for electronic
markets. In particular, this research has been directed at auctions (Tesauro and Bredlin, 2001)
and dynamic pricing (Greenwald and Stone, 2001). Typically, this research uses multiple complex
games to produce optimal strategies (Walsh et al., 2002). This is only a small part of the ongoing
research. For more information on the application of game theory, the reader is referred to Kreps

(1990). For information on applications with MAS, the work of Kraus (2002) provides a good
introduction.

With the increase in popularity of economic agents such as shopbots, there has been a corre-
sponding increase in the number of electronic “market-places” and related research into electronic
agents. Table 3.1 summarises the main functions or roles of such agents and the corresponding
business examples or research projects.

The information presented in Table 3.1 shows that the major market players of electronic
commerce are buyers, sellers, and intermediaries. Within these applications, agent technologies
are applied to a range of aspects of market places including using agents to model demand, sales
and the exchange of information.

The main literature within this application area is concerned with electronic commerce. As
such, these applications model the market aspect, but neglect spatial effects. In contrast the geo-
graphical applications reviewed are successful at modelling the spatial aspects of the given prob-
lem. However, there were no geographical examples that involved retail markets. Finally, there are

no examples within the literature surveyed of economic agent-based models that take into account
spatial and temporal effects.



