











Adoption fraction AF =0 AF = 0.5 AF =1 T-Test
Customers ... Mean SD Mean SD Mean SD | tvalue | p-value| Eta?
Overall customer count [per day] 584.17| 6.04 601.09| 8.27 609.38) 29.09] -7.10] 0.00 0.04]
... leaving after making a purchase [runtime] 12,062.95| 36.97] 12,094.30| 46.75] 12,063.05| 50.29| -0.01 0.99 0.00
E ... leaving before receiving normal help [runtime] 1,133.80 67.36] 1,343.30| 63.92] 1,706.55| 99.01| -21.39] 0.00| 0.14]
2 ... leaving before receiving expert help [runtime] 464.65| 18.25 457.00| 18.47 463.55| 22.27 0.17[ 0.87 0.00
... leaving whilst waiting to pay [runtime] 7,048.70| 105.59] 7,520.30|116.47| 7,633.60|124.13] -16.05[ 0.00 0.02
... leaving before finding anything [runtime] 20,182.00| 134.56] 20,661.65) 145.08] 20,789.75| 176.33] -12.25]  0.00) 0.00
Ovwerall customer count [per day] 910.58| 6.25] 1,093.24| 22.44] 1,224.79 39.98| -65.00) 0.00 0.66]
... leaving after making a purchase 29,696.75| 44.48|30,097.55| 31.34] 30,256.45| 45.29] -39.43| 0.00 0.03
; ... leaving before receiving normal help 5.40[ 3.30 29.55| 7.24 84.60| 17.71] -19.66[ 0.00 0.81
.. leaving before receiving expert help 83.60[ 9.04 130.75| 12.48| 170.40( 14.53|] -22.68| 0.00 0.67|
... leaving whilst waiting to pay 6,291.95| 165.73] 13,148.10] 200.16] 18,050.20| 164.96| -224.88[  0.00 0.68
.. leaving before finding anything 27,662.80| 166.79] 33,120.80| 198.49| 37,173.90] 196.79| -164.89|  0.00 0.30

Table 6: WOM descriptive statistics and t-tests between extreme conditions (AF = 0 versus AF = 1)

although the probabilities to do so are the same
for all days of the week.

Overall the experiment has shown that it is
legitimate to use the noise reduction mode within
the scope of a sensitivity analysis to test the
impact of a specific factor on system behaviour
(but we have to keep in mind that measures based
on rare events deliver different results in both
modes). It is only when we are interested in
specific features that are not available in noise
reduction mode (e.g. when we want to study
differences between particular days of the week or
when we need to obtain quantitative data to
optimise a real system) that we need to choose the
normal mode.

5.3 EVALUATING THE IMPLEMENTATION OF
WOM

Our final experiment tests our implementation of
WOM. We want to find out if the way we have
implemented it makes a difference to the
performance of the overall system, and whether or
not we will observe an interaction with
department type. We predict that the higher the
WOM adoption fraction, the greater the increase
we will see in the number of customer visits. We
hypothesise this relationship will be linked to a
reduction in satisfaction per customer. This makes
sense because the department’s staffing resources
remain the same and therefore need to be shared
between a larger group of customers. We
hypothesise that this pattern will vary over time
because the impact of WOM will vary on a daily
basis.

The results are presented in multiple forms to
allow more detailed analysis (see Table 6 and
Figure 5). Tabulated values are daily averages
across all replications. A series of independent
samples T-tests were conducted (see Table 6) to
compare department performance measures
between the two extreme conditions: an adoption
fraction of 0, and an adoption fraction of 1.
Levene’s equality of variances was violated
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(p<.05) for customer count (A&TV, WW), and
customers leaving whilst waiting for normal help
(WW only) therefore equal variances have not
been assumed for tests of these variables.

T-tests reveal significant differences between all
performance measures, with the exception of
customers leaving satisfied and before receiving
expert help in A&TV. Note however that some
effect sizes are only small-to-moderate (eta2-
squared =< .06). In A&TYV, t-tests reveal a small
effect size (eta squared = .04) of resulting in
increased customer figures. In WW, a much
greater effect size can be observed (eta squared =
.66). The number of transactions remains
relatively stable over the 10 week period for both
departments, which is surprising given the
increased number of customer visits. It appears
that the restricted availability of staff to serve
customers is preventing a commensurate increase
in sales. The bottlenecks in A&TV occur with the
provision of normal help and cashier availability,
whereas the bottlenecks in WW occur to a
significant extent with the same variables and also
the provision of expert help. Inspection of the
mean figures reveals only small absolute
differences between customer numbers leaving
before receiving normal or expert advice (due to
the lesser likelihood these events in WW). All of
these bottlenecks result in a significant rise in
customers who leave without finding anything to
buy in A&TV and WW (eta-squared values of .00
and .30 respectively). The hypothesised
relationship with customer satisfaction has not
been supported. In A&TV, there is no significant
difference (p = .99), and in WW there is a
significant but small effect size (eta squared =
.03) in the opposite direction to the predicted
relationship. We expect that if we looked at other
measures of customer satisfaction (i.e. neutrality
and dissatisfaction) the pattern we hypothesized
would be manifested in these indices.
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Figure 4: Daily number of customers and transactions for A&TV
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Figure 5: Overall number of customers per day (chart created from a single replication)

Given that we are looking at daily differences, it
is important to examine what is going on
graphically. Figure 5 presents time series data for
a single model run which displays clear variation
on a day-to-day basis (we have examined time
series graphs of average daily performance, and
the day-to-day variability which we wish to
illustrate tends to average out over multiple model

runs due to model stochasticity). As the adoption
fraction increases, the number customer visits to
WW generally also increases, which explains the
unexpected increase in the count of customers
leaving happy. This suggests that WW can cope
well with the higher demand for service
demanded by the additional customers who have
been attracted through WOM. Results for A&TV
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suggest that it is not able to meet the increased
customer demands which a higher adoption
fraction places on it. The overall shape of the
extreme case (adoption fraction 1) behaves in a
pronounced cyclic manner with relatively large
customer peaks and troughs; a sharp increase in
one day’s customers tends to be accompanied by
a sharp decrease in the following day’s customer
numbers. Comparing the two departments, a
greater increase in customer numbers can be seen
between experimental conditions in WW than in
A&TYV as the customer pool grows, which is to be
expected. In addition to the customer service
limitations of A&TV, the starting customer pool
size in WW is 23% greater than that of A&TV.

The experiment with the current WOM
implementation has shown some interesting
effects. In general our predictions have been
borne out in our results, but more investigation is
needed to fully understand the emergent patterns
of performance. In the next version of our
simulation model we will implement our second
strategy to model the WOM phenomenon as
described in section 4.2.2. This will provide us
with more evidence to further confirm or
disconfirm our current findings.

6. CONCLUSION

We have presented the conceptual design,
implementation and operation of a simulation
model that we are currently developing to help
understand the impact of HR management
practices on retail productivity. As far as we are
aware this is the first time researchers have tried
to use an agent-based approach to simulate
management practices such as training and
empowerment. Although our simulation model
uses specific case studies as source of
information, we believe that the general model
could be adapted to other retail companies and
areas of management practices that have a lot of
human interaction.

In this paper we have focused in particular on the
capabilities required to model customer evolution
as a consequence of the implementation of
management practices. We have discussed
conceptual ideas about how to consider external
and internal stimuli and have presented an
implementation of WOM as one form of external
stimuli. We are still testing and calibrating the
new features we have implemented. The
validation experiments so far have shown that we
need to improve our simulation model in order to
be able to model the real system in an appropriate
way. In particular our current abstraction level
with regards to how staff spend their time is much
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too high. If we want to use real staffing data we
need to model how staff allocate their tasks
between competing activities rather than focusing
on one type of work. Overall the new features
appear promising and we are convinced they will
improve our insights into the operation of the
departments within a department store. In
particular the new performance measures we
collect on a daily basis will be very useful in
future for balancing services throughout the week.

In addition to continuing to validate our current
simulation model we have also planned to
experiment with more strategies of modelling
customer evolution. We want to test a second
WOM implementation where we expand or
decrease our customer population as a
consequence of the WOM spread rather than
using the existing customers to model its
influence. We will implement and test our
conceptual ideas regarding customers’ memory of
their own shopping experiences (internal stimuli).
Furthermore, we have planned to enhance the
flexibility of staff members (i.e. empower them)
to allow them to respond to customer demand.
This will help to solve the staffing problem we
have discussed above. In the long term we want to
develop our simulation model to support testing
the impact of team work related management
practices. This looks like an interesting but
challenging task because we first need to come up
with a way to represent the effects of team work.
Furthermore, we would like to enhance the
capabilities of our agents, giving them skills in
reasoning, negotiation, and co-operation.

Overall, we believe that researchers should
become more involved in this multi-disciplinary
kind of work to gain new insights into the
behaviour of organisations. In our view, the main
benefit from adopting this approach is the
improved understanding of and debate about a
problem domain. The very nature of the methods
involved forces researchers to be explicit about
the rules underlying behaviour and to think in new
ways about them. As a result, we have brought
work psychology and agent-based modelling
closer together to form a new and exciting
research area.
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ABSTRACT:

Queues are a major feature of many service
systems; managing those queues is a major
problem for many service providers. There
already exist a range of models to study and
reduce waiting times. However, for human
queueing systems, waiting times are only one of
the performance measures. Environmental
factors and issues such as fairness and social
Jjustice can be just as important. To measure the
social justice within the system, the model needs
to capture the social interaction of the people
within the queue. Agent-based models are good
at capturing social interaction, but building
agent-based models from scratch can be a
difficult and time-consuming process. This paper
addresses those difficulties by proposing a
modelling methodology which is both easy to use
and flexible. It provides the building blocks for a
range of different queueing systems.

Keywords: Humans, queues, agent-based models,
simulation

1. INTRODUCTION

Queues seem to be a constant in most of our
lives, whether at the bank, the post-office, the
supermarket, the airport or the bus-stop. Modern
technology is always promising to eliminate
queues - by automating services or placing them
on-line; but new queues just seem to keep
replacing them, whether it is airport security
checks or the line at the ATM. Queues are a
problem for both customers and service
providers. From the customer point of view,
queueing is clearly unpopular. Firstly, it is seen
as a waste of time; secondly, queueing can trigger
anger against both service providers and fellow
customers. From the service provider point of
view, badly managed queues are one of the
quickest ways to lose customers. According to
one survey: “more than 43% of consumers had
chosen one provider over another because it
offered options to reduce waiting time” (NCR,
2007).

The challenge of managing queues has been an
active endeavour for the best part of a century.
Since A.K. Erlang first calculated the appropriate
capacity for the Danish telephone networks,
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mathematical theory has been developed and
applied to a wide range of systems. Latterly,
computer simulation has become the preferred
tool to design and manage queueing systems.
The objective when managing many queueing
systems has usually been straightforward - to
minimise waiting times, maximise throughput
rates and maximise resource utilisation.
Therefore, tools that help businesses balance the
appropriate level of resources against waiting
times, have become very popular. However, in
the case of human queueing systems, the issue is
more complicated.

Whilst waiting time is indeed important, there are
also complex social and psychological issues to
consider. Many queueing systems have scope for
unfairness and social injustice. Even if the
waiting time is short, customers will still get
extremely annoyed if they feel they are treated
unfairly. Therefore, models of human queueing
systems should consider social interaction as well
as waiting times. Agent-Based Simulation (ABS)
now offers the opportunity to study social
behaviour. However, ABS can be difficult to use.

Apart from the steep learning curve associated
with many ABS software packages, model
building still requires a great deal of effort. In the
work considered here the major challenge is
choosing the appropriate building blocks. In any
model of human behaviour there are a huge range
of factors to consider, both physiological and
psychological: what is important, what to include,
and how to include it. The method described here
aims to direct the user towards the critical
elements of a human queueing system. That is,
the goal is to produce a method that is both easy
to use, but still useful.

The structure of this paper is as follows: Section
2 will review a range of existing modelling
methods and will then consider some of the
psychological and social issues of human
queueing systems. Section 3 will introduce and
describe a method for developing appropriate
models. Section 4 will illustrate the method with
the example of aircraft boarding. Section 5 will
conclude the paper with a summary and future
outlook.



2. BACKGROUND
2.1 DIFFERENT MODELLING METHODS

There already exists a range of different methods,
theories, and models to analyse queueing
systems. The two most widely used methods are
queueing theory and Discrete Event Simulation.

Mathematical queueing theory is one of the oldest
branches of Operational Research, originating
with the work of A.K. Erlang in 1916. A large
body of mathematical queuing theory has since
been developed and now covers a wide range of
queuing systems. Kendal’s notation is used to
indicate the different configurations of the
queueing system: arrival and service rates,
number of servers, capacity etc. For many of
these different configurations, the theory predicts
the average waiting times and queue size. See for
example, Kleinrock (1975). Despite a number of
assumptions, such as the system being in steady
state, queueing theory has found much practical
use. This has been particularly within the
telecommunications area, but there has also been
limited application to human queueing systems.
For example, McNickle (1998) used queueing
theory to set standards for the number of ‘sanitary
fixtures’ in new public buildings.

Over the last forty years, DES has emerged as the
preferred tool for modelling many queuing
systems. Although DES was initially used for
modelling parts in manufacturing systems, it has
latterly been used for a range of human queueing
systems. These include the movement of patients
through hospitals, passengers through airports
and callers through call centres. DES has many
benefits; it is a robust, flexible tool suitable for a
range of applications. One of the reasons for its
extensive use is ease of use. There are a number
of packages which allow users to build models,
quickly and easily. However, despite extensive
use, it has been recognised that DES does have its
limitations, not least in its ability to model human
behaviour (Baines et al, 2004). Humans in DES
models do not demonstrate many human
characteristics; they certainly do not exhibit
symptoms of ‘queue rage’.

Both queueing theory and DES have limitations
with regard to human and social issues. As Nie
(2000) states, “Most normative models of
queueing theories assume waiting time as the
only factor affecting customers' reactions to
delays and have tended to neglect the social and
psychological variables on customers'
experiences with waiting.” If all human queueing
systems were of the single line type, with a strict
FIFO discipline, there would be little room for

unfairness; but these are the exception. For
example, the parallel channel system is not just
found at supermarket checkouts but also at banks,
fast foods restaurants, airports, road tolls, sports
stadiums and petrol stations. And the parallel
channel system is highly disciplined compared to
the queue at a busy bar. Many queueing systems
provide fast-track lanes for priority customers;
however, the priority rules are often subject to
abuse or misunderstanding. Hence, disputes about
fairness and social justice are common in many
human queueing systems. That is, throughput and
queueing times are not the only important
performance measure. Some measure of social
justice is also required.

2.2 QUEUES AND SOCIAL SIMULATION

There has been a range of qualitative research
into human queuing systems, using interviews,
questionnaires and case studies. Within the OR
community, Richard Larson has long been one of
the authorities on queues. His seminal 1987 paper
set out to open up queueing theory to the more
human issues — psychology and social justice
(Larson, 1987). Based on a combination of
interviews and anecdotes, the paper describes a
range of queueing scenarios, and the emotions
they create. He describes his own outrage at
being served before someone who had arrived
before him. He refers to the ‘slips and skips’
when one customer is overtaken by another, and
defines social injustice as violation of first in,
first out. He also discusses utility or disutility
functions to measure the customer’s experience
of a queue.

Customer reaction to queueing is important.
However, customer behaviour within the queue is
just as significant. This is less well researched.
Each customer has a range of different options:
joining, balking, reneging, jockeying, and
jumping. There are social interaction issues to
consider — customers may keep their distance
from each other, or engage in conversation. There
are often group effects to consider - family or
social groups wanting to stay together. There are
also staff effects — the position and behaviour of
staff may affect customer behaviour. For many
service providers, it is a major challenge to
predict exactly how customers will behave in
their queues.

Larson concluded his 1987 paper by saying:
“And queueing theorists, having a knowledge of
customer attitudes, may find new ways to model
queues and/or new queues to model” In terms of
queues to model — human activity provides a
countless range of queues. In terms of new ways
to model queues, the emphasis should clearly be
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on social behaviour. In the twenty years since
Larson’s paper, agent-based simulation has
established itself as an important tool for studying
social phenomena.

A discrete, cellular approach combines aspects of
Cellular Automata (CA) and agent-based
modelling (ABM). A cellular grid represents the
environment; humans are modelled by agents
who interact with each other and the
environment. The method has been applied to a
number of social phenomena, including
pedestrian behaviour (e.g. Blue and Adler, 2001).
It has also been used to explore human
evolutionary behaviour. For example, the
Sugarscape model (Epstein and Axtell, 1996)
represents a small society cultivating land, eating,
reproducing, trading and competing over limited
resources. The Adam Model (Schmidt, 2000),
features only one inhabitant, but uses a more
complex agent architecture. Adam is based on
PECS, an architecture for integrating perception,
emotion, cognitive capabilities and social status.

However, it is the use of CAs for modelling
vehicle traffic which is of particular interest here.
Starting with the work of Cremer and Ludwig
(1986), this has become an active area for
research and application. Sun and Wang (2007)
discuss why CA is appropriate for modelling
traffic. The road is represented by a cellular
lattice and the state of each cell is updated at
discrete time steps. The motion of vehicles within
the grid is governed by a small set of rules, with
different vehicles distinguished by a small set of
parameters. The authors conclude that, “CA
models are simpler to implement on computers,
provide a simple physical picture of the system
and can be easily modified to deal with different
aspects of traffic”.

Ease of use and flexibility are very attractive
qualities for any modelling method. This paper
will now describe how a cellular agent-based
pproach can also be used for modelling human
queueing systems. In particular, it will describe
the building blocks to show how people behave
in queueing and boarding systems.

3. A CELLULAR
MODELLING METHOD

AGENT-BASED

The following section will outline a method for
building models of human queueing systems. The
method is based on CAs and agent-based
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simulation, that is, agents within a cell lattice.
There is plenty of introductory material on CAs
and agent-based modelling: Resnick (1997),
provides a good introduction to AB modelling;
Macal and North (2005) provide a useful tutorial;
Bonabeau (2002) describes a number of agent-
based examples such as people flow and financial
markets; Siebers and Aickelin (2007) discuss the
use of multi-agent simulation as a support tool for
decision making.

Agent Based models are usually built with
simulation packages, which require knowledge of
one programming language, such as Java™ or C.
Netlogo (Wilensky, 1999) is a good introduction
for new users to agent-based modelling. It is a
software tool with a wide range of applications,
and is used for both education and research
purposes. Some examples of queueing models
can be found in the community models section of
the Netlogo website. Otherwise, there are a
number of AB simulation packages such as
Repast, Swarm, Mason or AgentSheets. The other
package used here is AnyLogic™, a Java based
multi-paradigm simulation software.

This section will now outline the main building
blocks for the proposed queueing system models.
In particular, it will describe the following:

¢ Global model properties: time and
environment

e Agents and their properties: customers and
staff — positions, state etc

e Rules of interaction: perception, movement,
queueing, service and boarding

3.1 ENVIRONMENT

For many queueing systems, the position of
service points, queues and other features is an
important factor; the position often determines
how customers interact with the queueing system.
Therefore, the first step in building the model, is
defining the background space or environment.

Figure 1 illustrates the basic model structure and
some of its features. Models are built on a grid
structure, with cells addressed by their
coordinates. Cells can have a number of
parameters and variables, such as capacity and
current occupancy. Generally, a cell will only
accommodate one agent at a time. However, in
some circumstances, the density may increase.
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Figure 1: Grid structure for queueing systems

The location of service points and queue
positions needs to be defined. Service points may
be fixed or variable. Queue structures may
include fixed single lines, or variable free format
queues. Generally, there will be a ranking or
preference order for each point within the queue.
These will depend on the type of queue and the
current state.

It might also be necessary to represent different
types of terrains and neighbourhoods within the
work area; for example, there may be barriers or
obstacles that prohibit movement, or reduce
visibility and speed.

3.2 STAFF AND CUSTOMERS

The main agents to include in the models are
customers and staff. All agents have the same,
standard size. Each agent can have a range of
different variables and parameters. Variables will
include current state; parameters might include
preferences, priorities, or other factors affecting
behaviour. For example, the model might be used
to explore how different personality types react to
similar queueing experiences. Figure 1 shows
servers and customers in a number of different
states.

The rules of interaction for the agents — both with
each other, and with the environment, need to
address the key activities of queueing systems.
The sequence of activities of a typical customer
is: enter system; choose, move to and join queue;
reach service point and be served; exit. For a
member of staff, typical activities might be:
choose and move to service points; serve

customer; return to waiting area. That is, the
basic activities in the models are:

e Staff or customers looking for and choosing
their next activity

e Staff or customers moving to and through the
system

e (Customers being served by staff

The rules of interaction must therefore address
perception and movement through a range of
different queueing and service systems.

3.3 PERCEPTION

The behaviour of customers and staff in queueing
systems is affected by their perception. A
customer’s ability to navigate themselves through
the system will depend on perception. The choice
of which queue to join will depend on which
queues they can see. Similarly, a server’s choice
of their next customer may also be based on
perception. There may also be other visual clues,
such as sign-posts or notice boards to direct
customers.

Customers and staff search within a given field of
vision, as shown in figure 2. Within the field of
vision, they can see other staff, customers,
service points or other specified objects. Their
knowledge about the system then includes: the
position and state of service points; the lengths of
queues, the positions of other customers. The
model may include parameters to define what
they see, or the range of vision.

In general, the model will ignore issues of
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orientation; it does not matter in which direction
the agent is facing. Nor is any distinction made
between peripheral and foveal fields of vision. If
something is within the field of vision, the agent
can see it. The model will use a number of
functions to support agent perception. These
include the following:

e Locate cell: An agent can identify which cell
it is in. That is, it can use the coordinates of
its current location.

¢ Distance: An agent can measure and compare
distances to other objects.

e Search: An agent has the ability to search for
specific object(s) within its field of vision. For
example, it can find the nearest customer,
service point or queue. When moving, it can
tell if there is an object ahead. Hence, it can
set its target cell.

e Neighbour count: each agent is able to count
the number of fellow agents in a given radius
r, at a point in time. The function output may
be a single count or a list of those neighbours.
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Figure 2: Customer's field of vision

In practice, people estimate distances, and are not
always very accurate. Vision may not always be
accurate and the agent may mistake what it sees.
Also, there may be environment factors which
affect perception. For example, visibility is
reduced if the neighbouring population is dense,
the environment is dark (e.g. in a cinema), or if
there is a large obstacle present.

Agents have limited ability to anticipate future
events or states. For example, a customer may be
able to count other customers about to join a
particular queue.

3.4 MOVEMENT

Movement is an important activity in queueing
systems; customers and staff both move though
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the work space. Customers move to different
queueing and service points, they move through
queues and they then exit from the system. Staff
move to their different service points, and back to
waiting areas when they are finished. There may
also be movement through the general workspace
from one queueing system to another. Movement
will be affected by interactions between both staff
and customers.

Based on what it has seen the agent will now set
its target point and start moving towards that
target. In practice, a human might consider and
compare different routes: are there obstacles in
the way; does it need to increase its speed to
overtake other customers.

The aim here is for the model is to provide a
flexible but simple approach suitable for a range
of movement. All agents make one step at a time
moving from one cell, to one of the eight adjacent
ones. All movement within the grid is made in
discrete time steps. The standard grid size is 0.7m
square, and the time interval is 0.5s. This gives an
approximate walking speed or Skm/h or 1.4 m/s.

Movement can generally be broken down into the
following steps:

® An agent sets it target — a queue or service
point

e Tt chooses its first move and checks the cell
ahead

e If the cell is empty, it moves forward. The
previous cell is now free, the new one
occupied.

e Tt checks if it has reached its target ?

e If not, it repeats the above steps. Otherwise it
proceeds to its next action.

e After each move, the agent may check
whether the target has changed.

Figure 3 shows the basic method for an agent
moving from its current position to a target cell.
There may be obstacles or other people in the
way. Assuming a one agent per cell rule applies,
each cell is either free or occupied. The agent
chooses its next step. If the cell is free, the agent
moves. If the cell is occupied, there are a number
of options: the agent may wait; the agent may try
a different route to avoid the obstruction; or the
agent may exceed the one agent per cell rule.
Depending on the application, these options can
be programmed into the model globally, or
individually, through agent parameters.
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Figure 3: Example move — with no obstacles
3.5 QUEUEING

Once an agent joins a queue, the rules of
movement may change slightly. The target is still
a service point or the front of the queue, but
movement towards that target may now be
constrained. An agent will have to follow the
direction of the queue which may twist and turn;
movement may only be possible into certain
cells. In a queue lined with barriers or ropes, as
shown in figure 4, those constraints are well-
defined. If there are no barriers present, the
constraints may be based on social convention.

oel l@

le

o

@
@
@

I©
o

1

D |®

L] L] [ ) L
) ) © () ()

Figure 4: Example of single line queue

Movement is still based on agents checking ahead
to see if the next cell is empty. Now, however,
the agent will just wait if it can not advance; it
will not seek an alternate route. Also, movement
will not necessarily be immediate; some agents
may wait before they advance, and gaps will
appear in the queue.

There is also the issue of people density to
consider. Normally, people like to keep a certain
distance from their neighbours. Within a queue,
those norms and behaviours may change; a
customer anxious about the waiting time may
press forward and encroach on the space of the
person in front. This will require an increased
capacity of agents per cell in the model. Also,
customers may be in groups, in which case they

may move together and prefer to stand side-by-
side.

Where agent density is high, the model may
require options for resolving stand-offs or
gridlock. This might include rules for random or
backwards move if an agent is stationary for a
long time.

3.6 SERVICE

At the front of the queue, a customer will reach
either a service or boarding point. Service
activities will be considered first. For example, it
may be service in a shop, bank or pub. Some
service activities, such as the supermarket
checkout, are relatively easy to model. Here,
there is a fixed service point which is separate
from the queue; there is a dedicated server; and
only one customer is served at a time. Service at a
bar, however, is a more complex. Now, there is
no clear distinction between the queueing
positions and the service points; the server has a
choice of customer; and one customer may
overlap with another.

DES has long provided a means for modelling
service systems. DES models generally require
inputs such as the service time distribution, the
capacity of the service point, and the queue
discipline. The method used here is similar, but
with the flexibility to address more complex
systems. In particular, it will address some of the
following issues:

e Service point. Is there a fixed position where
a customer receives service ?

e Server position. Does the server have a fixed
position?

e Server choice. Does the server have a choice
of next customer ?

Figure 5 shows the example of a free format
queueing and service system, as found at a bar.
The customer has a choice of different service
points. The queues at each service point are
slightly different, with no clear queueing order. If
very busy, the queues for each server may
overlap. There may also be customers in the
queues who have been served and are struggling
to exit. Meanwhile, the server has a choice of
customer.
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Figure 5: Service system example

The model is based on the same simple rules of
perception and movement as described above.
Customers choose a server, based on perceived
proximity and queue size. They then aim to move
as close as possible to the server, until service
begins. On service completion, the exit route may
be blocked by other customers. If so, they may
exceed the one agent per cell capacity, but speed
will be decreased.

3.7 BOARDING

The modelling method described here is also
suitable for studying boarding systems. Like
queueing and serving systems, boarding also
involves the interactions of many moving people.
Examples range from passengers boarding trains,
buses and aircraft, through to customers entering
cinemas or theatres.

Figure 6 shows the example of a train carriage at
a platform. Some passengers on the train are
waiting to deboard. When the train stops they
locate the nearest door, move through the door,
onto the platform and out towards the exit.
Meanwhile, some of the passengers on the
platform are waiting to board. The total time,
from the train arriving until it is ready to depart,
will depend on the movement and interactions of
all these passengers.
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Figure 6: Train boarding
3.8 MODEL OUTPUTS

The previous sections have described the
methods for building models. Models, however,
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are of little use unless they generate useful results
and outputs. For the systems modelled here, there
are three areas of interest, namely waiting times,
space, and fairness. The models can generate
useful results for each.

As discussed in the introduction, waiting time is
the main output of both mathematical queueing
theory and DES models. This is understandable
as there are few queues where customer waiting
time is not significant. Therefore, the models here
also include a range of waiting time related
statistics. These also include resource utilisation
figures, as service providers aim to balance
resource utilisation against waiting times.

Next, there are issues of space and layout. The
layout of a particular queueing system, may
affect the behaviour of the customers. Likewise,
the space the system actually takes up may
depend on the behaviour of people within the
system. These models produce a limited graphical
representation of the systems as indicated by the
figures above. This may give some indication of
space issues. However, the models also consider
density  within queues which produces
information about the actual use of space.

Finally, there are issues of fairness and social
justice to consider. The introduction discussed
how important fairness is in measuring the
performance of a queueing system. Other
methods can produce a measure of overall
fairness, by comparing customer arrivals with
service completion. However, individuals judge a
system by their own experience. In these models,
a customer can track its neighbours and compare
its own service with that of its neighbours. The
models produce customer satisfaction measures
which include those comparisons.

4. AIRCRAFT BOARDING

The method will now be illustrated with the
example of a boarding system. The example
considered is that of passengers boarding an
aircraft. A number of different methods have
been used to model aircraft boarding. Bachmat
and colleagues (2006), used a physics based
method. They constructed a model based on
spacetime geometry and random matrix theory
that captures the asymptotic behavior of airplane
boarding. Van den Briel and colleagues (2005)
used a combination of DES and ILP. They used
the analytic approach to develop alternative
boarding strategies, and the simulation model to
test them. In both cases, the groups used their
models to explore the effect of boarding
strategies on total boarding time. For example, if
passengers seated at the rear of the aircraft enter



first, is the overall boarding time quicker ?

4.1 CONCEPTUAL MODEL AND AGENT-
BASED SIMULATION

A model of aircraft boarding was built using the
cellular agent-based method. The objective of the
model was to find out how long it takes to seat all
passengers depending on different seating
configuring configurations, and different seating
strategies. The main content of the model was the
set of passenger activities shown in the flowchart
in figure 7. It is assumed that passengers have
their seat pre-allocated; they may then be asked
to board according to seat number. Movement
within the aircraft is confined to a single passage
through the aircraft. Once in the aircraft,
passengers will move forward unless blocked by
the person in front. When a passenger reaches
their row, they may have luggage to store. This
has a variable activity time. The time it takes to
sit down depends on the number and positions of
people already sat in that row.

The main inputs to the model are the number of
seats, the number of passengers, and the boarding
strategy. Different boarding strategies result in
changes at the ‘move to aircraft’ stage’;
passengers are selected according to their seat
number. The main outputs from the model are the
times for each and every passenger to take their
seats. Further assumptions and simplifications
include: all passengers move at the same speed;
there is only one entrance at the front; all

passengers find the correct seat; there is sufficient
luggage space available.

For this model, a single cell had the same
dimensions as the width of the main gangway and
the depth of a row. The model included
parameters for each passenger’s luggage load.

Similar versions of the model were built using
both AnyLogic™ and NetLogo software. Figure
8 shows a screenshot of the AnyLogic™ version.

In terms of model validation, the outputs and
results were compared with outputs from the
aircraft boarding models, referred to earlier and
figures for actual aircraft boarding.

4.2 EXPERIMENTATION

The model was used for system characterisation
and exploring what-ifs. Firstly, the model was
used to test the given parameters (distance, speed,
luggage loading times) against boarding times.
The model was then used to explore different
boarding strategies, as in the previous boarding
studies. Three strategies were considered:
passengers at the rear boarding first; passengers
with window seats boarding; random boarding.
The number of passengers per flight was also
varied. Figure 9 shows the result of the
experiment. These results are similar to those of
the other studies, namely, that a rear boarding
strategy does not reduce overall boarding time.
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Figure 7: Passenger Boarding Flowchart
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Figure 8: Screenshot of Aircraft Boarding Model
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5. DISCUSSION

This paper has discussed and illustrated a method
for modelling a range of different human
queueing systems. For service providers there are
many design and policy issues to consider. There
is always the problem of trying to balance
available resources against a desired throughput
rate. However, there are invariably many
associated problems: how to make the best use of
available space; how to predict the impact of
layout on queueing behaviour; what are the best
policies to ensure fairness. A starting point for
improved queue management is  better
understanding of customers and queues — how
customers behave in the queue, and how they
react to the experience. And a starting point for
better understanding, are better models of those
queues.

The proposed methodology has been applied to a
range of queueing systems. There are different
criteria that might be used to judge the success of
a modelling methodology; the set used here is
feasibility, validity, credibility and utility. In
terms of feasibility, building the models requires
knowledge of an ABM package; most ABM
packages have a reasonably steep learning curve.
However, once the underlying language is
mastered, the methodology allows useful models
to be built quite quickly. In the case of aircraft
boarding, the model appeared easier to build than
those in other studies.

In terms of validity, outputs have been compared
with outputs from other models; on those criteria,
the models here produced realistic results. In the
case of aircraft boarding, the model performs
particularly well. However, behaviour here is
quite limited; aircraft layouts are generally
similar and passengers have few options. Systems
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such as supermarket checkouts provide a greater
modelling challenge. There is greater variety of
store layout and customer behaviour; building a
very realistic model of a large busy store would
require quite a lot more work.

User credibility of AB simulation also raises
many questions, especially regarding animation.
Model animation has played a significant role in
the development of DES, not least in its
acceptance by end users. With DES, animation
can really help the decision maker understand the
system, and identify problems. Until recently,
animation options with ABM packages have been
limited. This is now changing with the emergence
of commercial packages such as AnyLogic.

Overall, much work is still required to develop
the modelling methodology. However, in terms of
utility, there are clearly significant benefits.
Queues are an ever present for humans and
businesses alike, and queues present a wide range
of problems, not just waiting time. There is a real
need for tools to study the social dynamics of
human queueing systems. This paper has shown
that the proposed methodology is useful for
analysing a range of different queueing systems.
In particular, simulation can now be used to study
unstructured queues and boarding systems.
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